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Model building 1: Choosing key layer types based on your data

Input data type Recommended layer API Reference
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Model building 2: Choosing last-layer activation, loss, and metric functions
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Regression Linear meanSquaredError (Same as loss) Chapter 2
(predicting a real number) meanAbsoluteError Sect. 9.1
Binary classification Sigmoid binaryCrossentropy Accuracy, precision, Sect. 3.1, 3.2, 9.2
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A mix of the above (for example, | (Multiple) | Custom loss function (multiple) Sect. 5.2
numbers plus classes)
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Joreword

When we started TensorFlow.js (TF.js), formerly called deeplearn.js, machine learning
(ML) was done mostly in Python. As both JavaScript developers and ML practitioners
on the Google Brain team, we quickly realized that there was an opportunity to bridge
the two worlds. Today, TF js has empowered a new set of developers from the extensive
JavaScript community to build and deploy ML models and enabled new classes of on-
device computation.

TF.js would not exist in its form today without Shanqing, Stan, and Eric. Their con-
tributions to TensorFlow Python, including the TensorFlow Debugger, eager execu-
tion, and build and test infrastructure, uniquely positioned them to tie the Python
and JavaScript worlds together. Early on in the development, their team realized the
need for a library on top of deeplearn.js that would provide high-level building blocks
to develop ML models. Shanqing, Stan, and Eric, among others, built TF.js Layers,
allowing conversion of Keras models to JavaScript, which dramatically increased the
wealth of available models in the TF.js ecosystem. When TF.js Layers was ready, we
released TFjs to the world.

To investigate the motivations, hurdles, and desires of software developers, Carrie
Cai and Philip Guo deployed a survey to the TF.js website. This book is in direct
response to the study’s summary: “Our analysis found that developers’ desires for MLL
frameworks extended beyond simply wanting help with APIs: more fundamentally,
they desired guidance on understanding and applying the conceptual underpinnings
of ML itself.”!

Deep Learning with JavaScript contains a mix of deep learning theory as well as real-
world examples in JavaScript with TF js. It is a great resource for JavaScript developers

! C. Cai and P. Guo, (2019) “Software Developers Learning Machine Learning: Motivations, Hurdles, and
Desires,” IEEE Symposium on Visual Languages and Human-Centric Computing, 2019.
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FOREWORD

with no ML experience or formal math background, as well as ML practitioners who
would like to extend their work into the JavaScript ecosystem. This book follows the
template of Deep Learning with Python, one of the most popular applied-ML texts, writ-
ten by the Keras creator, Francois Chollet. Expanding on Chollet’s work, Deep Learning
with JavaScript does an amazing job building on the unique things that JavaScript has
to offer: interactivity, portability, and on-device computation. It covers core ML con-
cepts, but does not shy away from state-of-the-art ML topics, such as text translation,
generative models, and reinforcement learning. It even gives pragmatic advice on
deploying ML models into real-world applications written by practitioners who have
extensive experience deploying ML to the real world. The examples in this book are
backed by interactive demos that demonstrate the unique advantages of the JavaScript
ecosystem. All the code is open-sourced, so you can interact with it and fork it online.

This book should serve as the authoritative source for readers who want to learn
ML and use JavaScript as their main language. Sitting at the forefront of ML and
JavaScript, we hope you find the concepts in this book useful and the journey in Java-
Script ML a fruitful and exciting one.

—NIKHIL THORAT AND DANIEL SMILKOV,
inventors of deeplearn.js
and technical leads of TensorFlow.js



preface

The most significant event in the recent history of technology is perhaps the explo-
sion in the power of neural networks since 2012. This was when the growth in labeled
datasets, increases in computation power, and innovations in algorithms came
together and reached a critical mass. Since then, deep neural networks have made
previously unachievable tasks achievable and boosted the accuracies in other tasks,
pushing them beyond academic research and into practical applications in domains
such as speech recognition, image labeling, generative models, and recommendation
systems, just to name a few.

It was against this backdrop that our team at Google Brain started developing
TensorFlow.js. When the project started, many regarded “deep learning in JavaScript”
as a novelty, perhaps a gimmick, fun for certain use cases, but not to be pursued with
seriousness. While Python already had several well-established and powerful frame-
works for deep learning, the JavaScript machine-learning landscape remained splin-
tered and incomplete. Of the handful of JavaScript libraries available back then, most
only supported deploying models pretrained in other languages (usually in Python).
For the few that supported building and training models from scratch, the scope of
supported model types was limited. Considering JavaScript’s popular status and its
ubiquity that straddles client and server sides, this was a strange situation.

TensorFlow.js is the first full-fledged industry-quality library for doing neural net-
works in JavaScript. The range of capabilities it provides spans multiple dimensions.
First, it supports a wide range of neural-networks layers, suitable for various data types
ranging from numeric to text, from audio to images. Second, it provides APIs for load-
ing pretrained models for inference, fine-tuning pretrained models, and building and
training models from scratch. Third, it provides both a high-level, Keras-like API for
practitioners who opt to use well-established layer types, and a low-level, TensorFlow-
like API for those who wish to implement more novel algorithms. Finally, it is designed

XV
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PREFACE

to be runnable in a wide selection of environments and hardware types, including the
web browser, server side (Node.js), mobile (e.g., React Native and WeChat), and desk-
top (electron). Adding to the multidimensional capability of TensorFlow.js is its status
as a first-class integrated part of the larger TensorFlow/Keras ecosystem, specifically its
API consistency and two-way model-format compatibility with the Python libraries.

The book you have in your hands will guide your grand tour through this multi-
dimensional space of capabilities. We’ve chosen a path that primarily cuts through the
first dimension (modeling tasks), enriched by excursions along the remaining dimen-
sions. We start from the relatively simpler task of predicting numbers from numbers
(regression) to the more complex ones such as predicting classes from images and
sequences, ending our trip on the fascinating topics of using neural networks to gen-
erate new images and training agents to make decisions (reinforcement learning).

We wrote the book not just as a recipe for how to write code in TensorFlow.js, but
as an introductory course in the foundations of machine learning in the native lan-
guage of JavaScript and web developers. The field of deep learning is a fast-evolving
one. It is our belief that a firm understanding of machine learning is possible without
formal mathematical treatment, and this understanding will enable you to keep your-
self up-to-date in future evolution of the techniques.

With this book you’ve made the first step in becoming a member of the growing
community of JavaScript machine-learning practitioners, who’ve already brought
about many impactful applications at the intersection between JavaScript and deep
learning. It is our sincere hope that this book will kindle your own creativity and inge-
nuity in this space.

SHANQING CAI, STAN BILESCHI, AND ERIC NIELSEN
September 2019
Cambridge, MA
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about this book

Who should read this book

This book is written for programmers who have a working knowledge of JavaScript,
from prior experience with either web frontend development or Node.js-based back-
end development, and wish to venture into the world of deep learning. It aims to sat-
isfy the learning needs of the following two subgroups of readers:

JavaScript programmers who aspire to go from little-to-no experience with
machine learning or its mathematical background, to a decent knowledge of
how deep learning works and a practical understanding of the deep-learning
workflow that is sufficient for solving common data-science problems such as
classification and regression

Web or Node.js developers who are tasked with deploying pre-trained models in
their web app or backend stack as new features

For the first group of readers, this book develops the basic concepts of machine learn-
ing and deep learning in a ground-up fashion, using JavaScript code examples that
are fun and ready for fiddling and hacking. We use diagrams, pseudo-code, and con-
crete examples in lieu of formal mathematics to help you form an intuitive, yet firm,
grasp of the foundations of how deep learning works.

For the second group of readers, we cover the key steps of converting existing
models (e.g., from Python training libraries) into a web- and/or Node-compatible for-
mat suitable for deployment in the frontend or the Node stack. We emphasize practi-
cal aspects such as optimizing model size and performance, as well as considerations
for various deployment environments ranging from a server to browser extensions
and mobile apps.
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ABOUT THIS BOOK

This book provides in-depth coverage of the TensorFlow.js API for ingesting and
formatting data, for building and loading models, and for running inference, evalua-
tion, and training for all readers.

Finally, technically minded people who don’t code regularly in JavaScript or any
other language will also find this book useful as an introductory text for both basic
and advanced neural networks.

How this book is organized: A roadmap

This book is organized into four parts. The first part, consisting of chapter 1 only,
introduces you to the landscape of artificial intelligence, machine learning, and deep
learning, and why it makes sense to practice deep learning in JavaScript.

The second part forms a gentle introduction to the most foundational and
frequently encountered concepts in deep learning. In particular:

Chapters 2 and 3 are your gentle on-ramp to machine learning. Chapter 2
works through a simple problem of predicting a single number from another
number by fitting a straight line (linear regression) and uses it to illustrate how
backpropagation (the engine of deep learning) works. Chapter 3 builds on
chapter 2 by introducing nonlinearity, multi-layered networks, and classification
tasks. From this chapter you will gain an understanding of what nonlinearity is,
how it works, and why it gives deep neural networks their expressive power.
Chapter 4 deals with image data and the neural-network architecture dedicated
to solving image-related machine-learning problems: convolutional networks
(convnets). We will also show you why convolution is a generic method that has
uses beyond images by using audio inputs as an example.

Chapter 5 continues the focus on convnets and image-like inputs, but shifts into
the topic of transfer learning: how to train new models based on existing ones,
instead of starting from scratch.

Part 3 of the book systematically covers more advanced topics in deep learning for
users who wish to build an understanding of more cutting-edge techniques, with a
focus on specific challenging areas of ML systems, and the TensorFlow.js tools to work
with them:

Chapter 6 discusses techniques for dealing with data in the context of deep
learning.

Chapter 7 shows the techniques for visualizing data and the models that process
them, an important and indispensable step for any deep-learning workflow.
Chapter 8 focuses on the important topics of underfitting and overfitting in
deep learning, and techniques for analyzing and mitigating them. Through this
discussion, we condense what we’ve learned in this book so far into a recipe
referred to as “the universal workflow of machine learning.” This chapter pre-
pares you for the advanced neural-network architectures and problems in chap-
ters 9—11.
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Chapter 9 is dedicated to deep neural networks that process sequential data
and text inputs.

Chapters 10 and 11 cover the advanced deep-learning areas of generative mod-
els (including generative adversarial networks) and reinforcement learning,
respectively.

In the fourth and final part of the book, we cover techniques for testing, optimizing
and deploying models trained or converted with TensorFlow.js (chapter 12) and wrap
up the whole book by recapitulating the most important concepts and workflows
(chapter 13).

Each chapter finishes with exercises to help you gauge your level of understanding
and hone your deep-learning skills in TensorFlow.js in a hands-on fashion.

About the code

This book contains many examples of source code both in numbered listings and in
line with normal text. In both cases, source code is formatted in a fixed-width font
like this to separate it from ordinary text. Sometimes code is also in bold to high-
light code that has changed from previous steps in the chapter, such as when a new
feature adds to an existing line of code.

In many cases, the original source code has been reformatted; we’ve added line
breaks and reworked indentation to accommodate the available page space in the
book. In rare cases, even this was not enough, and listings include line-continuation
markers (= ). Additionally, comments in the source code have often been removed
from the listings when the code is described in the text. Code annotations accom-
pany many of the listings, highlighting important concepts. The code for the exam-
ples in this book is available for download from GitHub at https:/ /github.com/
tensorflow/ tfjs-examples.

liveBook discussion forum

Purchase of Deep Learning with JavaScript includes free access to a private web forum
run by Manning Publications where you can make comments about the book, ask
technical questions, and receive help from the author and from other users. To
access the forum, go to https://livebook.manning.com/#!/book/deep-learning-with-
javascript/discussion. You can also learn more about Manning’s forums and the rules
of conduct at https://livebook.manning.com/#!/discussion.

Manning’s commitment to our readers is to provide a venue where a meaningful
dialogue between individual readers and between readers and the author can take
place. It is not a commitment to any specific amount of participation on the part of
the author, whose contribution to the forum remains voluntary (and unpaid). We sug-
gest you try asking the authors some challenging questions lest their interest stray!
The forum and the archives of previous discussions will be accessible from the pub-
lisher’s website as long as the book is in print.
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Part 1

Motwation
and basic concepts

Part 1 consists of a single chapter that orients you to the basic concepts that

will form the backdrop for the rest of the book. These include artificial intelli-
gence, machine learning, and deep learning and the relations between them.

Chapter 1 also addresses the value and potential of practicing deep learning in
JavaScript.






Deep learning
and JavaScript

This chapter covers

What deep learning is and how it is related to artificial
intelligence (Al) and machine learning

What makes deep learning stand out among various
machine-learning techniques, and the factors that led to the
current “deep-learning revolution”

The reasons for doing deep learning in JavaScript using
TensorFlow.js

The overall organization of this book

All the buzz around artificial intelligence (AI) is happening for a good reason: the
deep-learning revolution, as it is sometimes called, has indeed happened. Deep-
learning revolution refers to the rapid progress made in the speed and techniques of
deep neural networks that started around 2012 and is still ongoing. Since then,
deep neural networks have been applied to an increasingly wide range of prob-
lems, enabling machines to solve previously unsolvable problems in some cases and
dramatically improving solution accuracy in others (see table 1.1 for examples). To
experts in Al, many of these breakthroughs in neural networks were stunning.
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To engineers who use neural networks, the opportunities this progress has created are
galvanizing.

JavaScript is a language traditionally devoted to creating web browser UI and back-
end business logic (with Node.js). As someone who expresses ideas and creativity in
JavaScript, you may feel a little left out by the deep-learning revolution, which seems
to be the exclusive territory of languages such as Python, R, and C++. This book aims
at bringing deep learning and JavaScript together through the JavaScript deep-
learning library called TensorFlow.js. We do this so that JavaScript developers like
you can learn how to write deep neural networks without learning a new language;
more importantly, we believe deep learning and JavaScript belong together.

The cross-pollination will create unique opportunities, ones unavailable in any
other programming language. It goes both ways for JavaScript and deep learning.
With JavaScript, deep-learning applications can run on more platforms, reach a
wider audience, and become more visual and interactive. With deep learning, JavaS-
cript developers can make their web apps more intelligent. We will describe how later
in this chapter.

Table 1.1 lists some of the most exciting achievements of deep learning that we’ve
seen in this deep-learning revolution so far. In this book, we have selected a number
of these applications and created examples of how to implement them in Tensor-
Flow js, either in their full glory or in reduced form. These examples will be covered
in depth in the coming chapters. Therefore, you will not stop at marveling at the
breakthroughs: you can learn about them, understand them, and implement them all
in JavaScript.

But before you dive into these exciting, hands-on deep-learning examples, we need
to introduce the essential context around Al, deep learning, and neural networks.

Table 1.1 Examples of tasks in which accuracy improved significantly thanks to deep-learning techniques
since the beginning of the deep-learning revolution around 2012. This list is by no means comprehensive.
The pace of progress will undoubtedly continue in the coming months and years.

Where we use TensorFlow.js

Machine-learning Representative to perform a similar task
task deep-learning technology in this book
Categorizing the Deep convolutional neural networks Training convnets for MNIST
content of images (convnets) such as ResNet® and Incep- (chapter 4); MobileNet inference

tion® reduced the error rate in the Image- | and transfer learning (chapter 5)
Net classification task from ~25% in
2011 to below 5% in 2017.°

a. Kaiming He et al., “Deep Residual Learning for Image Recognition,” Proc. IEEE Conference Computer Vision and Pattern
Recognition (CVPR), 2016, pp. 770-778, http://mng.bz/PO5P.

b. Christian Szegedy et al., “Going Deeper with Convolutions,” Proc. IEEE Conference Computer Vision and Pattern
Recognition (CVPR), 2015, pp. 1-9, http://mng.bz/JzGv.

c. Large Scale Visual Recognition Challenge 2017 (ILSVRC2017) results, http://image-net.org/challenges/LSVRC/
2017/results.


http://mng.bz/JzGv
http://mng.bz/PO5P
http://image-net.org/challenges/LSVRC/2017/results
http://image-net.org/challenges/LSVRC/2017/results

Table 1.1 Examples of tasks in which accuracy improved significantly thanks to deep-learning techniques
since the beginning of the deep-learning revolution around 2012. This list is by no means comprehensive.
The pace of progress will undoubtedly continue in the coming months and years. (continued)

Where we use TensorFlow.js
to perform a similar task
in this book

Machine-learning

Representative

task deep-learning technology

Variants of deep convnets® reduced local-
ization error from 0.33 in 2012 to 0.06 in
2017.

Localizing objects and
images

YOLO in TensorFlow.js
(section 5.2)

Translating one natu-
ral language to another

Google’s neural machine translation
(GNMT) reduced translation error by
~60% compared to the best traditional
machine-translation techniques.®

Long Short-Term Memory (LSTM)-
based sequence-to-sequence
models with attention mecha-
nisms (chapter 9)

Attention-based LSTM small-
vocabulary continuous speech
recognition (chapter 9)

An LSTM-based encoder-attention-
decoder architecture achieves a lower
word-error rate than the best non-deep-
learning speech recognition system.f

Recognizing large-
vocabulary, continu-
ous speech

Generating realistic-
looking images

Generative adversarial networks (GANs)
are now capable of generating realistic-
looking images based on training data
(see https://github.com/junyanz/
CycleGAN).

Generating images using varia-
tional autoencoders (VAEs) and
GANSs (chapter 9)

Generating music

Learning to play games

Diagnosing diseases
using medical images

Recurrent neural networks (RNNs) and
VAESs are helping create music scores
and novel instrument sounds (see
https://magenta.tensorflow.org/demos).

Deep learning combined with reinforce-
ment learning (RL) lets machines learn to
play simple Atari games using raw pixels
as the only input. Combining deep learn-
ing and Monte Carlo tree search, Alpha-
Zero reached a super-human level of Go
purely through self-play."

Deep convnets were able to achieve
specificity and sensitivity comparable to
trained human ophthalmologists in diag-

Training LSTMs to generate text
(chapter 9)

Using RL to solve the cart-pole
control problem and a snake
video game (chapter 11)

Transfer learning using a pre-
trained MobileNet image model
(chapter 5).

nosing diabetic retinopathy based on
images of patients’ retinas.'

d. Yunpeng Chen et al., “Dual Path Networks,” https://arxiv.org/pdf/1707.01629.pdf.

e. Yonghui Wu et al., “Google’s Neural Machine Translation System: Bridging the Gap between Human and Machine
Translation,” submitted 26 Sept. 2016, https://arxiv.org/abs/1609.08144.

f. Chung-Cheng Chiu et al., “State-of-the-Art Speech Recognition with Sequence-to-Sequence Models,” submitted 5 Dec.
2017, https://arxiv.org/abs/1712.01769.

g. Volodymyr Mnih et al., “Playing Atari with Deep Reinforcement Learning,” NIPS Deep Learning Workshop 2013,
https://arxiv.org/abs/1312.5602.

h. David Silver et al., “Mastering Chess and Shogi by Self-Play with a General Reinforcement Learning Algorithm,”
submitted 5 Dec. 2017, https://arxiv.org/abs/1712.01815.

i. Varun Gulshan et al., “Development and Validation of a Deep Learning Algorithm for Detection of Diabetic Retinopathy
in Retinal Fundus Photographs,” JAMA, vol. 316, no. 22, 2016, pp. 2402-2410, http://mng.bz/wIDQ.


http://mng.bz/wlDQ
https://arxiv.org/abs/1312.5602
https://arxiv.org/pdf/1707.01629.pdf
https://arxiv.org/abs/1609.08144
https://arxiv.org/abs/1712.01769
https://github.com/junyanz/CycleGAN
https://github.com/junyanz/CycleGAN
https://magenta.tensorflow.org/demos
https://arxiv.org/abs/1712.01815
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Artificial intelligence, machine learning, neural
networks, and deep learning

Phrases like Al machine learning, neural networks, and deep learning mean related but dif-
ferent things. To orient yourself in the dazzling world of Al, you need to understand
what they refer to. Let’s define these terms and the relations among them.

Artificial intelligence

As the Venn diagram in figure 1.1 shows, Al is a broad field. A concise definition of
the field would be as follows: the effort to automate intellectual tasks normally performed by
humans. As such, Al encompasses machine learning, neural networks, and deep learn-
ing, but it also includes many approaches distinct from machine learning. Early chess
programs, for instance, involved hard-coded rules crafted by programmers. Those
didn’t qualify as machine learning because the machines were programmed explicitly
to solve the problems instead of being allowed to discover strategies for solving the
problems by learning from the data. For a long time, many experts believed that

Artificial intelligence

Machine learning

Symbolic Al

Decision trees

Neural networks

Kernel methods
Shallow

neural

networks Deep learning

Figure 1.1 Relations between Al, machine learning, neural networks, and deep learning. As this Venn
diagram shows, machine learning is a subfield of Al. Some areas of Al use approaches different from
machine learning, such as symbolic Al. Neural networks are a subfield of machine learning. There exist
non-neural-network machine-learning techniques, such as decision trees. Deep learning is the science
and art of creating and applying “deep” neural networks—neural networks with multiple “layers”—
versus “shallow” neural networks—neural networks with fewer layers.
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human-level Al could be achieved through handcrafting a sufficiently large set of
explicit rules for manipulating knowledge and making decisions. This approach is
known as symbolic Al, and it was the dominant paradigm in Al from the 1950s to the
late 1980s.!

Machine learning: How it differs from traditional programming

Machine learning, as a subfield of Al distinct from symbolic Al, arises from a question:
Could a computer go beyond what a programmer knows how to program it to per-
form, and learn on its own how to perform a specific task? As you can see, the
approach of machine learning is fundamentally different from that of symbolic Al
Whereas symbolic Al relies on hard-coding knowledge and rules, machine learning
seeks to avoid this hard-coding. So, if a machine isn’t explicitly instructed on how to
perform a task, how would it learn how to do so? The answer is by learning from
examples in the data.

This opened the door to a new programming paradigm (figure 1.2). To give an
example of the machine-learning paradigm, let’s suppose you are working on a web
app that handles photos uploaded by users. A feature you want in the app is automatic
classification of photos into ones that contain human faces and ones that don’t. The
app will take different actions on face images and no-face images. To this end, you
want to create a program to output a binary face/no-face answer given any input
image (made of an array of pixels).

Rules ———— .
Classical

. f————————
programming Answers

Data ——»

Figure 1.2 Comparing the

Data ——— i i
Machine fu cIassn.caI programming )
learning ™ Rules paradigm and the machine-

Answers ————— learning paradigm

We humans can perform this task in a split second: our brains’ genetic hardwiring and
life experience give us the ability to do so. However, it is hard for any programmer, no
matter how smart and experienced, to write an explicit set of rules in a programming
language (the only practical way for humans to communicate with a computer) on
how to accurately decide whether an image contains a human face. You can spend
days poring over code that does arithmetic on the RGB (red-green-blue) values of pix-
els to detect elliptic contours that look like faces, eyes, and mouths, as well as devising
heuristic rules on the geometric relations between the contours. But you will soon
realize that such effort is laden with arbitrary choices of logic and parameters that are

! An important type of symbolic Al is expert systems. See this Britannica article to learn about them: http://
mng.bz/7zmy.
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hard to justify. More importantly, it is hard to make it work well!? Any heuristic you
come up with is likely to fall short when facing the myriad variations that faces can
present in real-life images, such as differences in the size, shape, and details of the
face; facial expression; hairstyle; skin color; orientation; the presence or absence of
partial obscuring; glasses; lighting conditions; objects in the background; and so on.

In the machine-learning paradigm, you recognize that handcrafting a set of rules for
such a task is futile. Instead, you find a set of images, some with faces in them and some
without. Then you enter the desired (that is, correct) face or no-face answer for each
one. These answers are referred to as labels. This is a much more tractable (in fact, triv-
ial) task. It may take some time to label all the images if there are a lot of them, but the
labeling task can be divided among several humans and can proceed in parallel. Once
you have the images labeled, you apply machine learning and let machines discover the
set of rules on their own. If you use the correct machine-learning techniques, you will
arrive at a trained set of rules capable of performing the face/no-face task with an accu-
racy > 99%—far better than anything you can hope to achieve with handcrafted rules.

From the previous example, we can see that machine learning is the process of auto-
mating the discovery of rules for solving complex problems. This automation is benefi-
cial for problems like face detection, in which humans know the rules intuitively and
can easily label the data. For other problems, the rules are not known intuitively. For
example, consider the problem of predicting whether a user will click an ad displayed
on a web page, given the page’s and the ad’s contents and other information, such as
time and location. No human has a good sense about how to make accurate predic-
tions for such problems in general. Even if one does, the pattern will probably change
with time and with the appearance of new content and new ads. But the labeled train-
ing data is available from the ad service’s history: it is available from the ad servers’ logs.
The availability of the data and labels alone makes machine learning a good fit for
problems like this.

In figure 1.3, we take a closer look at the steps involved in machine learning. There
are two important phases. The first is the training phase. This phase takes the data and
answers, together referred to as the training data. Each pair of input data and the
desired answer is called an example. With the help of the examples, the training pro-
cess produces the automatically discovered rules. Although the rules are discovered
automatically, they are not discovered entirely from scratch. In other words, machine-
learning algorithms are not creative in coming up with rules. In particular, a human
engineer provides a blueprint for the rules at the outset of training. The blueprint is
encapsulated in a model, which forms a hypothesis space for the rules the machine may
possibly learn. Without this hypothesis space, there is a completely unconstrained and
infinite space of possible rules to search in, which is not conducive to finding good

2 In fact, such approaches have indeed been attempted before and did not work very well. This survey paper
provides good examples of handcrafting rules for face detection before the advent of deep learning: Erik
Hjelmas and Boon Kee Low, “Face Detection: A Survey,” Computer Vision and Image Understanding, Sept. 2001,
pp. 236-274, http://mng.bz/m4d2.
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Figure 1.3 A more detailed view of the machine-learning paradigm than that in figure 1.2. The
workflow of machine learning consists of two phases: training and inference. Training is the process
of the machine automatically discovering the rules that convert the data into answers. The learned
rules, encapsulated in a trained “model,” are the fruit of the training phase and form the basis of
the inference phase. Inference means using the model to obtain answers for new data.

rules in a limited amount of time. We will describe in great detail the kinds of models
available and how to choose the best ones based on the problem at hand. For now, it
suffices to say that in the context of deep learning, models vary in terms of how many
layers the neural network consists of, what types of layers they are, and how they are
wired together.

With the training data and the model architecture, the training process produces
the learned rules, encapsulated in a trained model. This process takes the blueprint
and alters (or tunes) it in ways that nudge the model’s output closer and closer to the
desired output. The training phase can take anywhere from milliseconds to days,
depending on the amount of training data, the complexity of the model architecture,
and how fast the hardware is. This style of machine learning—namely, using labeled
examples to progressively reduce the error in a model’s outputs—is known as super-
vised learning.> Most of the deep-learning algorithms we cover in this book are super-
vised learning. Once we have the trained model, we are ready to apply the learned
rules on new data—data that the training process has never seen. This is the second
phase, or inference phase. The inference phase is less computationally intensive than
the training phase because 1) inference usually happens on one input (for instance,
one image) at a time, whereas training involves going through all the training data;
and 2) during inference, the model does not need to be altered.

LEARNING REPRESENTATIONS OF DATA

Machine learning is about learning from data. But what exactly is learned? The
answer: a way to effectively transform the data or, in other words, to change the old
representations of the data into a new one that gets us closer to solving the problem at
hand.

® Another style of machine learning is unsupervised learning, in which unlabeled data is used. Examples of unsu-
pervised learning are clustering (discovering distinct subsets of examples in a dataset) and anomaly detection
(determining if a given example is sufficiently different from the examples in the training set).
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Before we go any further, what is a representation? At its core, it is a way to look at
the data. The same data can be looked at in different ways, leading to different repre-
sentations. For example, a color image can have an RGB or HSV (hue-saturation-
value) encoding. Here, the words encoding and representation mean essentially the
same thing and can be used interchangeably. When encoded in these two different
formats, the numerical values that represent the pixels are completely different, even
though they are for the same image. Different representations are useful for solving
different problems. For example, to find all the red parts of an image, the RGB rep-
resentation is more useful; but to find color-saturated parts of the same image, the
HSV representation is more useful. This is essentially what machine learning is all
about: finding an appropriate transformation that turns the old representation of
the input data into a new one—one that is amenable to solving the specific task at
hand, such as detecting the location of cars in an image or deciding whether an
image contains a cat and a dog.

To give a visual example, we have a collection of white points and several black
points in a plane (figure 1.4). Let’s say we want to develop an algorithm that can take
the 2D (x, y) coordinates of a point and predict whether that point is black or white.
In this case,

The input data is the two-dimensional Cartesian coordinates (x and y) of a
point.
The output is the predicted color of the point (whether it’s black or white).

The data shows a pattern in panel A of figure 1.4. How would the machine decide the
color of a point given the x- and y-coordinates? It cannot simply compare x with a
number, because the range of the x-coordinates of the white points overlaps with the
range of the x-coordinates of the black ones! Similarly, the algorithm cannot rely on
the y-coordinate. Therefore, we can see that the original representation of the points
is not a good one for the black-white classification task.

What we need is a new representation that separates the two colors in a more
straightforward way. Here, we transform the original Cartesian x-y representation into
a polar-coordinate-system representation. In other words, we represent a point by 1)
its angle—the angle formed by the x-axis and the line that connects the origin with
the point (see the example in panel A of figure 1.4) and 2) its radius—its distance
from the origin. After this transformation, we arrive at a new representation of the
same set of data, as panel B of figure 1.4 shows. This representation is more amenable
to our task, in that the angle values of the black and white points are now completely
nonoverlapping. However, this new representation is still not an ideal one in that the
black-white color classification cannot be made into a simple comparison with a
threshold value (like zero).

Luckily, we can apply a second transformation to get us there. This transformation
is based on the simple formula

(absolute value of angle) - 135 degrees
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Figure 1.4 A toy example of the representation transformations that machine learning is about. Panel
A: the original representation of a dataset consisting of black and white points in a plane. Panels B and
C: two successive transformation steps turn the original representation into one that is more amenable
to the color-classification task.

The resulting representation, as shown in panel C, is one-dimensional. Compared to
the representation in panel B, it throws away the irrelevant information about the dis-
tance of the points to the origin. But it is a perfect representation in that it allows a
completely straightforward decision process:

if the value < 0, the point is classified as white;

else, the point is classified as black

In this example, we manually defined a two-step transform of the data representation.
But if instead we tried automated searching for different possible coordinate trans-
forms using feedback about the percentage of points classified correctly, then we
would be doing machine learning. The number of transformation steps involved in
solving real machine-learning problems is usually much greater than two, especially in
deep learning, where it can reach hundreds. Also, the kind of representation transfor-
mations seen in real machine learning can be much more complex compared to
those seen in this simple example. Ongoing research in deep learning keeps discover-
ing more sophisticated and powerful transformations. But the example in figure 1.4
captures the essence of searching for better representations. This applies to all
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machine-learning algorithms, including neural networks, decision trees, kernel meth-
ods, and so forth.

Neural networks and deep learning

Neural networks are a subfield of machine learning, one in which the transformation
of the data representation is done by a system with an architecture loosely inspired by
how neurons are connected in human and animal brains. How are neurons con-
nected to each other in brains? It varies among species and brain regions. But a fre-
quently encountered theme of neuronal connection is the layer organization. Many
parts of the mammalian brain are organized in a layered fashion. Examples include
the retina, the cerebral cortex, and the cerebellar cortex.

At least on a superficial level, this pattern is somewhat similar to the general organi-
zation of artificial neural networks (simply called neural networks in the world of comput-
ing, where there is little risk of confusion), in which the data is processed in multiple
separable stages, aptly named layers. These layers are usually stacked on top of each
other, with connections only between adjacent ones. Figure 1.5 shows a simple (artifi-
cial) neural network with four layers. The input data (an image, in this case) feeds
into the first layer (on the left side of the figure), then flows sequentially from one
layer to the next. Each layer applies a new transformation on the representation of the
data. As the data flows through the layers, the representation becomes increasingly
different from the original and gets closer and closer to the goal of the neural net-
work—namely, applying a correct label to the input image. The last layer (on the right
side of the figure) emits the neural network’s final output, which is the result of the
image-classification task.

A layer of neural networks is similar to a mathematical function in that it is a map-
ping from an input value to an output value. However, neural network layers are dif-
ferent from pure mathematical functions in that they are generally stateful. In other
words, they hold internal memory. A layer’s memory is captured in its weights. What
are weights? They are simply a set of numerical values that belong to the layer and gov-
ern the details of how each input representation is transformed by the layer into an
output representation. For example, the frequently used dense layer transforms its
input data by multiplying it with a matrix and adding a vector to the result of the
matrix multiplication. The matrix and the vector are the dense layer’s weights. When
a neural network is trained through exposure to training data, the weights get altered
systematically in a way that minimizes a certain value called the loss function, which we
will cover in detail using concrete examples in chapters 2 and 3.

Although neural networks are inspired by the brain, we should be careful not to
overly humanize them. The purpose of neural networks is not to study or mimic how
the brain works. That is the realm of neuroscience, a separate academic discipline.
Neural networks are about enabling machines to perform interesting practical tasks
by learning from data. The fact that some neural networks show resemblance to some
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Figure 1.5 The schematic diagram of a neural network, organized in layers. This neural network
classifies images of hand-written digits. In between the layers, you can see the intermediate
representation of the original data. Reproduced with permission from Francois Chollet, Deep
Learning with Python, Manning Publications, 2017.

parts of the biological brain, both in structure and in function,* is indeed remarkable.
But whether this is a coincidence is beyond the scope of this book. In any case, the
resemblance should not be overread. Importantly, there is no evidence that the brain
learns through any form of gradient descent, the primary way in which neural net-
works are trained (covered in the next chapter). Many important techniques in neu-
ral networks that helped usher in the deep-learning revolution were invented and
adopted not because they were backed by neuroscience, but instead because they
helped neural networks solve practical learning tasks better and faster.

Now that you know what neural networks are, we can tell you what deep learning is.
Deep learning is the study and application of deep neural networks, which are, quite sim-
ply, neural networks with many layers (typically, from a dozen to hundreds of layers).
Here, the word deep refers to the idea of a large number of successive layers of
representations. The number of layers that form a model of the data is called the
model’s depth. Other appropriate names for the field could have been “layered repre-
sentation learning” or “hierarchical representation learning.” Modern deep learning
often involves tens or hundreds of successive layers of representations—and they
are all learned automatically from exposure to training data. Meanwhile, other

* For a compelling example of similarity in functions, see the inputs that maximally activate various layers of a
convolutional neural network (see chapter 4), which closely resemble the neuronal receptive fields of various
parts of the human visual system.
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approaches to machine learning tend to focus on learning only one or two layers of
representations of the data; hence, they are sometimes called shallow learning.

It is a misconception that the “deep” in deep learning is about any kind of deep
understanding of data—that is, “deep” in the sense of understanding the meaning
behind sentences like “freedom is not free” or savoring the contradictions and self-
references in M.C. Escher’s drawings. That kind of “deep” remains an elusive goal for
Al researchers.” In the future, deep learning may bring us closer to this sort of depth,
but that will certainly be harder to quantify and achieve than adding layers to neural
networks.

INFO Box 1.1 Not just neural networks: Other popular machine-learning
techniques

We went directly from the “machine learning” circle of the Venn diagram in figure 1.1
to the “neural network” circle inside. However, it is worthwhile for us to briefly visit
the machine-learning techniques that are not neural networks, not only because
doing so will give us a better historical context but also because you may run into
some of the techniques in existing code.

The Naive Bayes classifier is one of the earliest forms of machine learning. Put sim-
ply, Bayes’ theorem is about how to estimate the probability of an event given 1) the
a priori belief of how likely the event is and 2) the observed facts (called features)
relating to the event. This theorem can be used to classify observed data points into
one of many known categories by choosing the category with the highest probability
(likelihood) given the observed facts. Naive Bayes is based on the assumption that
the observed facts are mutually independent (a strong and naive assumption, hence
the name).

Logistic regression (or logreg) is also a classification technique. Thanks to its simple
and versatile nature, it is still popular and often the first thing a data scientist will try
in order to get a feel for the classification task at hand.

Kernel methods, of which support vector machines (SVMs) are the best-known exam-
ples, tackle binary (that is, two-class) classification problems by mapping the original
data into spaces of higher dimensionality and finding a transformation that maxi-
mizes a distance (called a margin) between two classes of examples.

Decision trees are flowchart-like structures that let you classify input data points or
predict output values given inputs. At each step of the flowchart, you answer a simple
yes/no question, such as, “Is feature X greater than a certain threshold?” Depending
on whether the answer is yes or no, you advance to one of two possible next ques-
tions, which is just another yes/no question, and so forth. Once you reach the end
of the flowchart, you will get the final answer. As such, decision trees are easy for
humans to visualize and iterpret.

5 Douglas Hofstadter, “The Shallowness of Google Translate,” The Atlantic, 30 Jan. 2018, http://mng.bz/5AE1.
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Random forests and gradient-boosted machines increase the accuracy of decision
trees by forming an ensemble of a large number of specialized, individual decision
trees. Ensembling, also known as ensemble learning, is the technique of training a
collection (that is, an ensemble) of individual machine-learning models and using an
aggregate of their outputs during inference. Today, gradient boosting may be one of
the best algorithms, if not the best, for dealing with nonperceptual data (for example,
credit card fraud detection). Alongside deep learning, it is one of the most commonly
used techniques in data science competitions, such as those on Kaggle.

THE RISE, FALL, AND RISE OF NEURAL NETWORKS, AND THE REASONS BEHIND THEM

The core ideas of neural networks were formed as early as the 1950s. The key tech-
niques for training neural networks, including backpropagation, were invented in the
1980s. However, for a long period of time between the 1980s and the 2010s, neural
networks were almost completely shunned by the research community, partly because
of the popularity of competing methods such as SVMs and partly because of the lack
of an ability to train deep (many-layered) neural networks. But around 2010, a num-
ber of people still working on neural networks started to make important break-
throughs: the groups of Geoffrey Hinton at the University of Toronto, Yoshua Bengio
at the University of Montreal, and Yann LeCun at New York University, as well as
researchers at the Dalle Molle Institute for Artificial Intelligence Research (IDSIA) in
Switzerland. These groups achieved important milestones, including the first practical
implementations of deep neural networks on graphics processing units (GPUs) and
driving the error rate from about 25% down to less than 5% in the ImageNet com-
puter vision challenge.

Since 2012, deep convolutional neural networks (convnets) have become the go-to
algorithm for all computer-vision tasks; more generally, they work on all perceptual
tasks. Examples of non-computer-vision perceptual tasks include speech recognition.
At major computer vision conferences in 2015 and 2016, it was nearly impossible to
find presentations that didn’t involve convnets in some form. At the same time, deep
learning has also found applications in many other types of problems, such as natural
language processing. It has completely replaced SVMs and decision trees in a wide
range of applications. For instance, for several years, the European Organization for
Nuclear Research, CERN, used decision-tree-based methods to analyze particle data
from the ATLAS detector at the Large Hadron Collider; but CERN eventually
switched to deep neural networks due to their higher performance and ease of train-
ing on large datasets.

So, what makes deep learning stand out from the range of available machine-learning
algorithms? (See info box 1.1 for a list of some popular machine-learning techniques
that are not deep neural networks.) The primary reason deep learning took off so
quickly is that it offered better performance on many problems. But that’s not the only
reason. Deep learning also makes problem-solving much easier because it automates
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what used to be the most crucial and difficult step in a machine-learning workflow: feature
engineering.

Previous machine-learning techniques—shallow learning—only involved trans-
forming the input data into one or two successive representation spaces, usually via
simple transformations such as high-dimensional nonlinear projections (kernel meth-
ods) or decision trees. But the refined representations required by complex problems
generally can’t be attained by such techniques. As such, human engineers had to go to
great lengths to make the initial input data more amenable to processing by these
methods: they had to manually engineer good layers of representations for their data.
This is called feature engineering. Deep learning, on the other hand, automates this
step: with deep learning, you learn all features in one pass rather than having to engi-
neer them yourself. This has greatly simplified machine-learning workflows, often
replacing sophisticated multistage pipelines with a single, simple, end-to-end deep-
learning model. Through automating feature engineering, deep learning makes
machine learning less labor-intensive and more robust—two birds with one stone.

These are the two essential characteristics of how deep learning learns from data:
the incremental, layer-by-layer way in which increasingly complex representations are
developed; and the fact that these intermediate incremental representations are
learned jointly, each layer being updated to follow both the representational needs of
the layer above and the needs of the layer below. Together, these two properties have
made deep learning vastly more successful than previous approaches to machine
learning.

Why deep learning? Why now?

If basic ideas and core techniques for neural networks already existed as early as the
1980s, why did the deep-learning revolution start to happen only after 2012? What
changed in the two decades in between? In general, three technical forces drive
advances in machine learning:

Hardware
Datasets and benchmarks
Algorithmic advances

Let’s visit these factors one by one.

HARDWARE
Deep learning is an engineering science guided by experimental findings rather than
by theory. Algorithmic advances become possible only when appropriate hardware are
available to try new ideas (or to scale up old ideas, as is often the case). Typical deep-
learning models used in computer vision or speech recognition require orders of
magnitude more computational power than what your laptop can deliver.
Throughout the 2000s, companies like NVIDIA and AMD invested billions of dol-
lars in developing fast, massively parallel chips (GPUs) to power the graphics of
increasingly photorealistic video games—cheap, single-purpose supercomputers
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designed to render complex 3D scenes on your screen in real time. This investment
came to benefit the scientific community when, in 2007, NVIDIA launched CUDA
(short for Compute Unified Device Architecture), a general-purpose programming
interface for its line of GPUs. A small number of GPUs started replacing massive clus-
ters of CPUs in various highly parallelizable applications, beginning with physics mod-
eling. Deep neural networks, consisting mostly of many matrix multiplications and
additions, are also highly parallelizable.

Around 2011, some researchers began to write CUDA implementations of neural
nets—Dan Ciresan and Alex Krizhevsky were among the first. Today, high-end GPUs
can deliver hundreds of times more parallel computation power when training deep
neural networks than what a typical CPU is capable of. Without the sheer computa-
tional power of modern GPUs, it would be impossible to train many state-of-the-art
deep neural networks.

DATA AND BENCHMARKS

If hardware and algorithms are the steam engine of the deep-learning revolution,
then data is its coal: the raw material that powers our intelligent machines, without
which nothing would be possible. When it comes to data, in addition to the exponen-
tial progress in storage hardware over the past 20 years (following Moore’s law), the
game changer has been the rise of the internet, which has made it feasible to collect
and distribute very large datasets for machine learning. Today, large companies work
with image datasets, video datasets, and natural language datasets that couldn’t have
been collected without the internet. User-generated image tags on Flickr, for instance,
have been a treasure trove of data for computer vision. So are YouTube videos. And
Wikipedia is a key dataset for natural language processing.

If there’s one dataset that has been a catalyst for the rise of deep learning, it’s Image-
Net, which consists of 1.4 million images that have been hand annotated with 1,000
image categories. What makes ImageNet special isn’t just its large size; it is also the
yearly competition associated with it. As ImageNet and Kaggle have been demonstrat-
ing since 2010, public competitions are an excellent way to motivate researchers and
engineers to push the envelope. Having common benchmarks that researchers com-
pete to beat has greatly helped the recent rise of deep learning.

ALGORITHMIC ADVANCES
In addition to hardware and data, until the late 2000s, we were missing a reliable way
to train very deep neural networks. As a result, neural networks were still fairly shal-
low, using only one or two layers of representations; thus, they couldn’t shine against
more refined shallow methods such as SVMs and random forests. The key issue was
that of gradient propagation through deep stacks of layers. The feedback signal used
to train neural networks would fade away as the number of layers increased.

This changed around 2009 to 2010 with the advent of several simple but important
algorithmic improvements that allowed for better gradient propagation:

Better activation functions for neural network layers (such as the rectified lin-
ear unit, or relu)
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Better weight-initialization schemes (for example, Glorot initialization)
Better optimization schemes (for example, RMSProp and ADAM optimizers)

Only when these improvements began to allow for training models with 10 or more
layers did deep learning start to shine. Finally, in 2014, 2015, and 2016, even more
advanced ways to help gradient propagation were discovered, such as batch normal-
ization, residual connections, and depthwise separable convolutions. Today we can
train from scratch models that are thousands of layers deep.

Why combine JavaScript and machine learning?

Machine learning, like other branches of Al and data science, is usually done with tra-
ditionally backend-focused languages, such as Python and R, running on servers or
workstations outside the web browser.® This status quo is not surprising. The training
of deep neural networks often requires the kind of multicore and GPU-accelerated
computation not directly available in a browser tab; the enormous amount of data
that it sometimes takes to train such models is most conveniently ingested in the back-
end: for example, from a native file system of virtually unlimited size. Until recently,
many regarded “deep learning in JavaScript” as a novelty. In this section, we will pres-
ent reasons why, for many kinds of applications, performing deep learning in the
browser environment with JavaScript is a wise choice, and explain how combining the
power of deep learning and the web browser creates unique opportunities, especially
with the help of TensorFlow js.

First, once a machine-learning model is trained, it must be deployed somewhere in
order to make predictions on real data (such as classifying images and text, detecting
events in audio or video streams, and so on). Without deployment, training a model is
just a waste of compute power. It is often desirable or imperative that the “somewhere”
is a web frontend. Readers of this book are likely to appreciate the overall importance
of the web browser. On desktops and laptops, the web browser is the dominant means
through which users access content and services on the internet. It is how desktop and
laptop users spend most of their time using those devices, exceeding the second place
by a large margin. It is how users get vast amounts of their daily work done, stay con-
nected, and entertain themselves. The wide range of applications that run in the web
browser provide rich opportunities for applying client-side machine learning. For the
mobile frontend, the web browser trails behind native mobile apps in terms of user
engagement and time spent. But mobile browsers are nonetheless a force to be reck-
oned with because of their broader reach, instant access, and faster development
cycles.” In fact, because of their flexibility and ease of use, many mobile apps, such as
Twitter and Facebook, drop into a JavaScript-enabled web view for certain types of
content.

% Srishti Deoras, “Top 10 Programming Languages for Data Scientists to Learn in 2018,” Analytics India Magazine,
25 Jan. 2018, http://mng.bz/6wrD.

7 Rishabh Borde, “Internet Time Spend in Mobile Apps, 2017-19: It’s 8x than Mobile Web,” Dazelnfo, 12 Apr.
2017, http://mng.bz/omDr.
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Due to this broad reach, the web browser is a logical choice for deploying deep-
learning models, as long as the kinds of data the models expect are available in the
browser. But what kinds of data are available in the browser? The answer is, many!
Take, for example, the most popular applications of deep learning: classifying and
detecting objects in images and videos, transcribing speech, translating languages, and
analyzing text content. Web browsers are equipped with arguably the most comprehen-
sive technologies and APIs for presenting (and, with user permission, for capturing)
textual, image, audio, and video data. As a result, powerful machine-learning models
can be directly used in the browser, for example, with TensorFlow.js and straightfor-
ward conversion processes. In the later chapters of this book, we will cover many con-
crete examples of deploying deep-learning models in the browser. For example, once
you have captured images from a webcam, you can use TensorFlow.js to run MobileNet
to label objects, run YOLOZ2 to put bounding boxes around detected objects, run
Lipnet to do lipreading, or run a CNN-LSTM network to apply captions to images.

Once you have captured audio from the microphone using the browser’s WebAudio
API, TensorFlow.js can run models to perform real-time spoken-word recognition.
There are exciting applications with textual data as well, such as assigning sentiment
scores to user text like movie reviews (chapter 9). Beyond these data modalities, the
modern web browser can access a range of sensors on mobile devices. For example,
HTMLS5 provides API access to geolocation (latitude and longitude), motion (device
orientation and acceleration), and ambient light (see http://mobilehtml5.org). Com-
bined with deep learning and other data modalities, data from such sensors opens
doors to many exciting new applications.

Browser-based application of deep learning comes with five additional benefits:
reduced server cost, lowered inference latency, data privacy, instant GPU acceleration,
and instant access:

Server cost is often an important consideration when designing and scaling web
services. The computation required to run deep-learning models in a timely
manner is often significant, necessitating the use of GPU acceleration. If models
are not deployed to the client side, they need to be deployed on GPU-backed
machines, such as virtual machines with CUDA GPUs from Google Cloud or
Amazon Web Services. Such cloud GPU machines are often costly. Even the
most basic GPU machines presently cost in the neighborhood of $0.5-1 per
hour (see https://www.ec2instances.info and https://cloud.google.com/ gpu).
With increasing traffic, the cost of running a fleet of cloud GPU machines gets
higher, not to mention the challenge of scalability and the added complexity of
your server stack. All these concerns can be eliminated by deploying the model
to the client. The overhead of client-side downloading of the model (which is
often several megabytes or more) can be alleviated by the browser’s caching
and local storage capabilities (chapter 2).

Lowered inference latency—For certain types of applications, the requirement for
latency is so stringent that the deep-learning models must be run on the client
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side. Any applications that involve real-time audio, image, and video data fall
into this category. Consider what will happen if image frames need to be trans-
ferred to the server for inference. Suppose images are captured from a webcam
at a modest size of 400 x 400 pixels with three color channels (RGB) and an 8-bit
depth per color channel at a rate of 10 frames per second. Even with JPEG com-
pression, each image has a size of about 150 Kb. On a typical mobile network
with an approximately 300-Kbps upload bandwidth, it can take more than 500
milliseconds to upload each image, leading to a latency that is noticeable and
perhaps unacceptable for certain applications (for example, games). This calcu-
lation doesn’t take into account the fluctuation in (and possible loss of) network
connectivity, the additional time it takes to download the inference results, and
the vast amount of mobile data usage, each of which can be a showstopper.

Client-side inference addresses these potential latency and connectivity con-

cerns by keeping the data and the computation on the device. It is impossible to
run real-time machine-learning applications such as labeling objects and detect-
ing poses in webcam images without the model running purely on the client.
Even for applications without latency requirements, the reduction in model
inference latency can lead to greater responsiveness and hence an improved
user experience.
Data privacy—Another benefit of leaving the training and inference data on the
client is the protection of users’ privacy. The topic of data privacy is becoming
increasingly important today. For certain types of applications, data privacy is an
absolute requirement. Applications related to health and medical data are a
prominent example. Consider a “skin disease diagnosis aid” that collects images
of a patient’s skin from their webcam and uses deep learning to generate possi-
ble diagnoses of the skin condition. Health information privacy regulations in
many countries will not allow the images to be transferred to a centralized
server for inference. By running the model inference in the browser, no data
needs to ever leave the user’s phone or be stored anywhere, ensuring the pri-
vacy of the user’s health data.

Consider another browser-based application that uses deep learning to pro-
vide users with suggestions on how to improve the text they write in the applica-
tion. Some users may use this application to write sensitive content such as legal
documents and will not be comfortable with the data being transferred to a
remote server via the public internet. Running the model purely in client-side
browser JavaScript is an effective way to address this concern.

Instant WebGL acceleration—In addition to the availability of data, another pre-
requisite for running machine-learning models in the web browser is sufficient
compute power through GPU acceleration. As mentioned earlier, many state-of-
the-art deep-learning models are so computationally intensive that acceleration
through parallel computation on the GPU is a must (unless you are willing to
let users wait for minutes for a single inference result, which rarely happens in
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real applications). Fortunately, modern web browsers come equipped with the
WebGL API, which, even though it was originally designed for accelerated ren-
dering of 2D and 3D graphics, can be ingeniously leveraged for the kind of par-
allel computation required for accelerating neural networks. The authors of
TensorFlow.js painstakingly wrapped WebGL-based acceleration of the deep-
learning components in the library, so the acceleration is available to you
through a single line of JavaScript import.

WebGlL-based acceleration of neural networks may not be perfectly on par
with native, tailored GPU acceleration such as NVIDIA’s CUDA and CuDNN
(used by Python deep-learning libraries such as TensorFlow and PyTorch), but
it still leads to orders of magnitude speedup of neural networks and enables
real-time inference such as what PoseNet extraction of a human-body pose
offers.

If performing inference on pretrained models is expensive, performing

training or transfer learning on such models is even more so. Training and
transfer learning enable exciting applications such as personalization of deep-
learning models, frontend visualization of deep learning, and federated learn-
ing (training the same model on many devices, then aggregating the results of
the training to obtain a good model). The WebGL acceleration of TensorFlow.js
makes it possible to train or fine-tune neural networks with sufficient speed,
purely inside the web browser.
Instant access—Generally speaking, applications that run in the browser have
the natural advantage of “zero install:” all it takes to access the app is typing a
URL or clicking a link. This forgoes any potentially tedious and error-prone
installation steps, along with possibly risky access control when installing new
software. In the context of deep learning in the browser, the WebGL-based neu-
ral network acceleration that TensorFlow.js provides does not require special
kinds of graphics cards or installation of drivers for such cards, which is often a
nontrivial process. Most reasonably up-to-date desktop, laptop, and mobile
devices come with graphics cards available to the browser and WebGL. Such
devices, as long as they have a TensorFlow.js-compatible web browser installed
(alow bar), are automatically ready to run WebGL-accelerated neural networks.
This is an especially attractive feature in places where ease of access is vital—for
example, the education of deep learning.

INFO Box 1.2 Accelerating computation using GPU and WebGL

It takes a massive number of math operations to train machine-learning models and
use them for inference. For example, the widely used “dense” neural network layers
involve multiplying a large matrix with a vector and adding the result to another vector.
A typical operation of this sort involves thousands or millions of floating-point oper-
ations. An important fact about such operations is that they are often parallelizable.
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(continued)

For instance, adding two vectors can be divided into many smaller operations, such
as adding two individual numbers. These smaller operations do not depend on each
other. For example, you don’t need to know the sum of the two elements of the two
vectors at index O to compute the sum of the two elements at index 1. As a result,
the smaller operations can be performed at the same time, instead of one at a time,
no matter how large the vectors are. Serial computation, such as a naive CPU imple-
mentation of vector addition, is known as Single Instruction Single Data (SISD). Par-
allel computation on the GPU is known as Single Instruction Multiple Data (SIMD). It
typically takes the CPU less time to compute each individual addition than a GPU
takes. But the total cost over this large amount of data leads the GPU’s SIMD to out-
perform the CPU’s SISD. A deep neural network can contain millions of parameters.
For a given input, it might take billions of element-by-element math operations to run
(if not more). The massively parallel computation that GPUs are capable of really
shines at this scale.

Task: Add two vectors, element by element:
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How WebGL acceleration leverages a GPU’s parallel computation capability to achieve faster
vector operation than a CPU

To be precise, modern CPUs are capable of certain levels of SIMD instructions, too.
However, a GPU comes with a much greater number of processing units (on the order
of hundreds or thousands) and can execute instructions on many slices of the input
data at the same time. Vector addition is a relatively simple SIMD task in that each
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step of computation looks at only a single index, and the results at different indices
are independent of each other. Other SIMD tasks seen in machine learning are more
complex. For example, in matrix multiplication, each step of computation uses data
from multiple indices, and there are dependencies between the indices. But the basic
idea of acceleration through parallelization remains the same.

It is interesting to note that GPUs were not originally designed for accelerating neural
networks. This can be seen in the name: graphics processing unit. The primary pur-
pose of GPUs is processing 2D and 3D graphics. In many graphical applications, such
as 3D gaming, it is critical that the processing be done in as little time as possible
so that the images on the screen can be updated at a sufficiently high frame rate for
smooth gaming experiences. This was the original motivation when the creators of
the GPU exploited SIMD parallelization. But, as a pleasant surprise, the kind of par-
allel computing GPUs are capable of also suits the needs of machine learning.

The WebGL library TensorFlow.js uses for GPU acceleration was originally designed
for tasks such as rendering textures (surface patterns) on 3D objects in the web
browser. But textures are just arrays of numbers! Hence, we can pretend that the
numbers are neural network weights or activations and repurpose WebGL’s SIMD tex-
ture operations to run neural networks. This is exactly how TensorFlow.js accelerates
neural networks in the browser.

In addition to the advantages we have described, web-based machine-learning applica-
tions enjoy the same benefits as generic web applications that do not involve machine
learning:

Unlike native app development, the JavaScript application you write with Tensor-
Flow js will work on many families of devices, ranging from Mac, Windows, and
Linux desktops to Android and iOS devices.

With its optimized 2D and 3D graphical capabilities, the web browser is the rich-
est and most mature environment for data visualization and interactivity. In
places where people would like to present the behavior and internals of
neural networks to humans, it is hard to think of any environment that beats
the browser. Take TensorFlow Playground, for example (https://playground
.tensorflow.org). It is a highly popular web app in which you can interactively
solve classification problems with neural networks. You can tune the structure
and hyperparameters of the neural network and observe how its hidden layers
and outputs change as a result (see figure 1.6). If you have not played with it
before, we highly recommend you give it a try. Many have expressed the view
that this is among the most instructive and delightful educational materials
they’ve seen on the topic of neural networks. TensorFlow Playground is, in fact,
an important forebearer of TensorFlow.js. As an offspring of the Playground,
TensorFlow.js is powered by a far wider range of deep-learning capabilities and
far more optimized performance. In addition, it is equipped with a dedicated
component for visualization of deep-learning models (covered in chapter 7 in
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detail). No matter whether you want to build basic educational applications
along the lines of TensorFlow Playground or present your cutting-edge deep-
learning research in a visually appealing and intuitive fashion, TensorFlow.js will

help you go a long way toward your goals (see examples such as real-time tSNE
embedding visualization®).
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Figure 1.6 A screenshot of TensorFlow Playground (https://playground.tensorflow.org), a popular
browser-based Ul for teaching how neural networks work from Daniel Smilkov and his colleagues at
Google. TensorFlow Playground was also an important precursor of the later TensorFlow.js project.

Deep learning with Node.js

For security and performance reasons, the web browser is designed to be a resource-
constrained environment in terms of limited memory and storage quota. This means
that the browser is not an ideal environment for training large machine-learning mod-
els with large amounts of data, despite the fact that it is ideal for many types of infer-
ence, small-scale training, and transfer-learning tasks, which require fewer resources.
However, Node js alters the equation entirely. Node.js enables JavaScript to be run out-
side the web browser, thus granting it access to all the native resources, such as RAM
and the file system. TensorFlow.js comes with a Node.js version, called tfjs-node. It binds
directly to the native TensorFlow libraries compiled from C++ and CUDA code, and so
enables users to use the same parallelized CPU and GPU operation kernels as used
under the hood by TensorFlow (in Python). As can be shown empirically, the speed of
model training in tfjs-node is on par with the speed of Keras in Python. So, tfjs-node is

8 See Nicola Pezzotti, “Realtime tSNE Visualizations with TensorFlow.js,” googblogs, http://mng.bz/nvDg.
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an appropriate environment for training large machine-learning models with large
amounts of data. In this book, you will see examples in which we use tfjs-node to train
the kind of large models that are beyond the browser’s capability (for example, the
word recognizer in chapter 5 and the text-sentiment analyzer in chapter 9).

But what are the possible reasons to choose Node.js over the more established
Python environment for training machine-learning models? The answers are 1) per-
formance and 2) compatibility with existing stack and developer skill sets. First, in
terms of performance, the state-of-the-art JavaScript interpreters, such as the V8
engine Node.js uses, perform just-in-time (JIT) compilation of JavaScript code, lead-
ing to superior performance over Python. As a result, it is often faster to train models
in tfjs-node than in Keras (Python), as long as the model is small enough for the lan-
guage interpreter performance to be the determining factor.

Second, Node.js is a very popular environment for building server-side applica-
tions. If your backend is already written in Node.js, and you would like to add
machine learning to your stack, using tfjs-node is usually a better choice than using
Python. By keeping code in a single language, you can directly reuse large portions of
your code base, including those bits for loading and formatting the data. This will
help you set up the model-training pipeline faster. By not adding a new language to
your stack, you also keep its complexity and maintenance costs down, possibly saving
the time and cost of hiring a Python programmer.

Finally, the machine-learning code written in TensorFlow.js will work in both the
browser environment and Node.js, with the possible exception of data-related code
that relies on browser-only or Node-only APIs. Most of the code examples you will
encounter in this book will work in both environments. We have made efforts to sepa-
rate the environment-independent, machine-learning-centric part of the code from
the environment-specific data-ingestion and UI code. The added benefit is that you
get the ability to do deep learning on both the server and client sides by learning only
one library.

The JavaScript ecosystem

When assessing the suitability of JavaScript for a certain type of application such as
deep learning, we should not ignore the factor that JavaScript is a language with an
exceptionally strong ecosystem. For years, JavaScript has been consistently ranked
number one among a few dozen programming languages in terms of repository count
and pull activities on GitHub (see http://githut.info). On npm, the de facto public
repository of JavaScript packages, there are more than 600,000 packages as of July
2018. This more than quadruples the number of packages in PyPI, the de facto public
repository of Python packages (www.modulecounts.com). Despite the fact that Python
and R have a better-established community for machine learning and data science,
the JavaScript community is building up support for machine-learning-related data
pipelines as well.
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Want to ingest data from cloud storage and databases? Both Google Cloud and
Amazon Web Services provide Node.js APIs. Most popular database systems today,
such as MongoDB and RethinkDB, have first-class support for Node.js drivers. Want to
wrangle data in JavaScript? We recommend the book Data Wrangling with Java-
Script by Ashley Davis (Manning Publications, 2018, www.manning.com/books/data-
wrangling-with-javascript). Want to visualize your data? There are mature and power-
ful libraries such as d3.js, vega.js, and plotly.js that outshine Python visualization librar-
ies in many regards. Once you have your input data ready, TensorFlow.js, the main
topic of this book, will take it from there and help you create, train, and execute your
deep-learning models, as well as save, load, and visualize them.

Finally, the JavaScript ecosystem is still constantly evolving in exciting ways. Its
reach is being extended from its traditional strongholds—namely, the web browser
and Node.js backend environments—to new territories such as desktop applications
(for example, Electron) and native mobile applications (for instance, React Native
and Ionic). It is often easier to write Uls and apps for such frameworks than to use
myriad platform-specific app creation tools. JavaScript is a language that has the
potential to bring the power of deep learning to all major platforms. We summarize
the main benefits of combining JavaScript and deep learning in table 1.2.

Table 1.2 A brief summary of the benefits of doing deep learning in JavaScript

Consideration Examples

Reasons related to the client | - Reduced inference and training latency due to the locality of data
side - Ability to run models when the client is offline

- Privacy protection (data never leaves the browser)

- Reduced server cost

- Simplified deployment stack

Reasons related to the web - Availability of multiple modalities of data (HTML5 video, audio, and

browser sensor APIs) for inference and training

+ The zero-install user experience

+ The zero-install access to parallel computation via the WebGL API on
a wide range of GPUs

+ Cross-platform support

- ldeal environment for visualization and interactivity

+ Inherently interconnected environment opens direct access to various
sources of machine-learning data and resources

Reasons related to Java- - JavaScript is the most popular open source programming language by
Script many measures, so there is an abundance of JavaScript talent and
enthusiasm.

- JavaScript has a vibrant ecosystem and wide applications at both cli-
ent and server sides.

- Node.js allows applications to run on the server side without the
resource constraints of the browser.

- The V8 engine makes JavaScript code run fast.
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Why TensorFlow.js?

To do deep learning in JavaScript, you need to select a library. TensorFlow.js is our
choice for this book. In this section, we will describe what TensorFlow.js is and the rea-
sons we selected it.

A brief history of TensorFlow, Keras, and TensorFlow.js

TensorFlow.js is a library that enables you to do deep learning in JavaScript. As its
name suggests, TensorFlow.js is designed to be consistent and compatible with Tensor-
Flow, the Python framework for deep learning. To understand TensorFlow.js, we need
to briefly examine the history of TensorFlow.

TensorFlow was made open source in November 2015 by a team of engineers work-
ing on deep learning at Google. The authors of this book are members of this team.
Since its open source debut, TensorFlow has gained immense popularity. It is now
being used for a wide range of industrial applications and research projects both at
Google and in the larger technical community. The name “TensorFlow” was coined to
reflect what happens inside a typical program written with the framework: data repre-
sentations called tensors flow through layers and other data-processing nodes, allowing
inference and training to happen on machine-learning models.

First off, what is a tensor? It is just a computer scientist’s way of saying “multidimen-
sional array” concisely. In neural networks and deep learning, every piece of data and
every computation result is represented as a tensor. For example, a grayscale image can
be represented as a 2D array of numbers—a 2D tensor; a color image is usually repre-
sented as a 3D tensor, with the extra dimension being the color channels. Sounds, vid-
eos, text, and any other types of data can all be represented as tensors. Each tensor has
two basic properties: the data type (such as float32 or int32) and the shape. Shape
describes the size of the tensor along all its dimensions. For instance, a 2D tensor may
have the shape [128, 256], and a 3D tensor may have the shape [10, 20, 128]. Once
data is turned into a tensor of a given data type and shape, it can be fed into any type
of layer that accepts that data type and shape, regardless of the data’s original mean-
ing. Therefore, the tensor is the lingua franca of deep-learning models.

But why tensors? In the previous section, we learned that the bulk of the computa-
tions involved in running a deep neural network are performed as massively paral-
lelized operations, commonly on GPUs, which require performing the same
computation on multiple pieces of data. Tensors are containers that organize our data
into structures that can be processed efficiently in parallel. When we add tensor A
with shape [128, 128] to tensor B with shape [128, 128], it is very clear that there
are 128 * 128 independent additions that need to take place.

How about the “flow” part? Imagine a tensor as a kind of fluid that carries data. In
TensorFlow, it flows through a graph—a data structure consisting of interconnected
mathematical operations (called nodes). As figure 1.7 shows, the node can be succes-
sive layers in a neural network. Each node takes tensors as inputs and produces ten-
sors as outputs. The “tensor fluid” gets transformed into different shapes and
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Figure 1.7 Tensors “flow” through a number of layers, a common scenario in TensorFlow and
TensorFlow.js.

different values as it “flows” through the TensorFlow graph. This corresponds to the
transformation of representations: that is, the crux of what neural networks do, as we
have described in previous sections. Using TensorFlow, machine-learning engineers
can write all kinds of neural networks, ranging from shallow ones to very deep ones,
from convnets for computer vision to recurrent neural networks (RNNs) for sequence
tasks. The graph data structure can be serialized and deployed to run many types of
devices, from mainframes to mobile phones.

Atits core, TensorFlow was designed to be very general and flexible: the operations
can be any well-defined mathematical functions, not just layers of neural networks.
For example, they can be low-level mathematical operations such as adding and multi-
plying two tensors—the kind of operations that happen inside a neural network layer.
This gives deep-learning engineers and researchers great power to define arbitrary
and novel operations for deep learning. However, for a large fraction of deep-learning
practitioners, manipulating such low-level machinery is more trouble than it’s worth.
It leads to bloated and more error-prone code and longer development cycles. Most
deep-learning engineers use a handful of fixed layer types (for instance, convolution,
pooling, or dense, as you will learn in detail in later chapters). Rarely do they need to
create new layer types. This is where the LEGO analogy is appropriate. With LEGOs,
there are only a small number of block types. LEGO builders don’t need to think
about what it takes to make a LEGO block. This is different from a toy like, say, Play-
Doh, which is analogous to TensorFlow’s low-level API. Yet the ability to connect
LEGO blocks leads to a combinatorially large number of possibilities and virtually
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infinite power. It is possible to build a toy house with either LEGOs or Play-Doh, but
unless you have very special requirements for the house’s size, shape, texture, or mate-
rial, it is much easier and faster to build it with LEGOs. For most of us, the LEGO
house we build will stand more stably and look nicer than the Play-Doh house we’d
make.

In the world of TensorFlow, the LEGO equivalent is the high-level API called
Keras.? Keras provides a set of the most frequently used types of neural network layers,
each with configurable parameters. It also allows users to connect the layers together
to form neural networks. Furthermore, Keras also comes with APIs for

Specifying how the neural network will be trained (loss functions, metrics, and
optimizers)

Feeding data to train or evaluate the neural network or use the model for
inference

Monitoring the ongoing training process (callbacks)

Saving and loading models

Printing or plotting the architecture of models

With Keras, users can perform the full deep-learning workflow with very few lines of
code. With the flexibility of the low-level API and the usability of the high-level API,
TensorFlow and Keras form an ecosystem that leads the field of deep-learning frame-
works in terms of industrial and academic adoption (see the tweet at http://
mng.bz/vIDJ]). As a part of the ongoing deep-learning revolution, their role in making
deep learning accessible to a wider audience should not be underestimated. Before
frameworks such as TensorFlow and Keras, only those with CUDA programming skills
and extensive experience in writing neural networks in C++ were able to do practical
deep learning. With TensorFlow and Keras, it takes much less skill and effort to create
GPU-accelerated deep neural networks. But there was one problem: it was not possi-
ble to run TensorFlow or Keras models in JavaScript or directly in the web browser. To
serve trained deep-learning models in the browser, we had to do it via HTTP requests to
a backend server. This is where TensorFlow.js comes into the picture. TensorFlow.js was
an effort started by Nikhil Thorat and Daniel Smilkov, two experts in deep-learning-
related data visualization and human-computer interaction'’ at Google. As we have
mentioned, the highly popular TensorFlow Playground demo of a deep neural
network planted the initial seed of the TensorFlow.js project. In September 2017, a
library called deeplearn.js was released that has a low-level API analogous to
the TensorFlow low-level API. Deeplearn.js championed WebGL-accelerated neural

¢ In fact, since the introduction of TensorFlow, a number of high-level APIs have emerged, some created by
Google engineers and others by the open source community. Among the most popular ones are Keras,
tf.Estimator, tf.contrib.slim, and TensorLayers. For the readers of this book, the most relevant high-level API
to TensorFlow.js is Keras by far, because the high-level API of TensorFlow.js is modeled after Keras and
because TensorFlow.js provides two-way compatibility in model saving and loading with Keras.

10 As an interesting historical note, these authors also played key roles in creating TensorBoard, the popular
visualization tool for TensorFlow models.
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network operations, making it possible to run real neural networks with low inference
latencies in the web browser.

Following the initial success of deeplearn.js, more members of the Google Brain
team joined the project, and it was renamed TensorFlow.js. The JavaScript API under-
went significant revamping, boosting API compatibility with TensorFlow. In addition,
a Keras-like high-level API was built on top of the low-level core, making it much easier
for users to define, train, and run deep-learning models in the JavaScript library.
Today, what we said earlier about the power and usability of Keras is all true for
TensorFlow.js as well. To further enhance interoperability, converters were built so
that TensorFlow.js can import models saved from TensorFlow and Keras and export
models to them. Since its debut at the worldwide TensorFlow Developer Summit and
Google 1/0 in the spring of 2018 (see www.youtube.com/watch?v=YB-kfeNIPCE and
www.youtube.com/watch?v=OmofOvMApTU), TensorFlow.js has quickly become a
highly popular JavaScript deep-learning library, with currently the highest number of
stars and forks among similar libraries on GitHub.

Figure 1.8 presents an overview of the TensorFlow.js architecture. The lowest level
is responsible for parallel computing for fast mathematical operations. Although this
layer is not visible to most users, it is critical that it have high performance so that
model training and inference in higher levels of the API can be as fast as possible. In
the browser, it leverages WebGL to achieve GPU acceleration (see info box 1.2). In
Node.js, direct binding to the multicore CPU parallelization and CUDA GPU acceler-
ation are both available. These are the same math backends used by TensorFlow and
Keras in Python. Built on top of the lowest math level is the Ops API, which has good
parity with the low-level API of TensorFlow and supports loading SavedModels from
TensorFlow. On the highest level is the Keras-like Layers API. The Layers API is the
right API choice for most programmers using TensorFlow.js and will be the main focus
of this book. The Layers API also supports two-way model importing/exporting with

Keras.
Keras
model > Layers API
TensorFlow
SavedModel | Core API

Node.js

Browser

WebGL TF TF TF
CPU GPU TPU

Figure 1.8 The architecture of TensorFlow.js at a glance. Its relationship to Python
TensorFlow and Keras is also shown.
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Why TensorFlow.js: A brief comparison with similar libraries

TensorFlow.js is not the only JavaScript library for deep learning; neither was it the
first one to appear (for example, brain.js and ConvNet]S have a much longer history).
So, why does TensorFlow.js stand out among similar libraries? The first reason is its
comprehensiveness—TensorFlow.js is the only currently available library that supports
all key parts of the production deep-learning workflow:

Supports both inference and training

Supports web browsers and Node.js

Leverages GPU acceleration (WebGL in browsers and CUDA kernels in Node.js)
Supports definition of neural network model architectures in JavaScript
Supports serialization and deserialization of models

Supports conversions to and from Python deep-learning frameworks
Compatible in API with Python deep-learning frameworks

Equipped with built-in support for data ingestion and with an API for visualization

The second reason is the ecosystem. Most JavaScript deep-learning libraries define
their own unique API, whereas TensorFlow js is tightly integrated with TensorFlow and
Keras. You have a trained model from Python TensorFlow or Keras and want to use it
in the browser? No problem. You have created a TensorFlow.js model in the browser
and want to take it into Keras for access to faster accelerators such as Google TPUs?
That works, too! Tight integration with non-JavaScript frameworks not only boosts
interoperability but also makes it easier for developers to migrate between the worlds
of programming languages and infrastructure stacks. For example, once you have
mastered TensorFlow.js from reading this book, it will be smooth sailing if you want to
start using Keras in Python. The reverse journey is as easy: someone with good knowl-
edge of Keras should be able to learn TensorFlow.js quickly (assuming sufficient Java-
Script skills). Last but not least, the popularity of TensorFlow.js and the strength of its
community should not be overlooked. The developers of TensorFlow.js are committed
to long-term maintenance and support of the library. From GitHub star and fork
counts to number of external contributors, from the liveliness of the discussion to the
number of questions and answers on Stack Overflow, TensorFlow.js is shadowed by
none of the competing libraries.

How is TensorFlow.js being used by the world?

There is no more convincing testimony to the power and popularity of a library than
the way in which it is used in real-world applications. A few noteworthy applications of
TensorFlow.js include the following:

Google’s Project Magenta uses TensorFlow.js to run RNNs and other kinds of
deep neural networks to generate musical scores and novel instrument sounds
in the browser (https://magenta.tensorflow.org/demos/).
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Dan Shiffman and his colleagues at New York University built ML5.js, an easy-to-
use, higher-level API for various out-of-the-box deep-learning models for the
browser, such as object detection and image style transfer (https://mlbjs.org).
Abhishek Singh, an open source developer, created a browser-based interface
that translates American Sign Language into speech to help people who can’t
speak or hear use smart speakers such as Amazon Echo."

Canvas Friends is a game-like web app based on TensorFlow.js that helps users
improve their drawing and artistic skills (www.y8.com/games/canvas_friends).
MetaCar, a self-driving car simulator that runs in the browser, uses Tensor-
Flow.js to implement reinforcement learning algorithms that are critical to its
simulations (www.metacar-project.com).

Clinic doctor, a Node.js-based application that monitors the performance of
server-side programs, implemented a Hidden Markov Model with TensorFlow.js
and is using it to detect spikes in CPU usage.'?

See TensorFlow.js’s gallery of other outstanding applications built by the
open source community at https://github.com/tensorflow/ tfjs/blob/master/
GALLERY.md.

1.3.4 What this book will and will not teach you about TensorFlow.js

Through studying the materials in this book, you should be able to build applications
like the following using TensorFlow.js:

A website that classifies images uploaded by a user

Deep neural networks that ingest image and audio data from browser-attached
sensors and perform real-time machine-learning tasks, such as recognition and
transfer learning, on them

Client-side natural language Al such as a comment-sentiment classifier to assist
with comment moderation

A Node.js (backend) machine-learning model trainer that uses gigabyte-scale
data and GPU acceleration

A TensorFlow.js-powered reinforcement learner that can solve small-scale con-
trol and game problems

A dashboard to illustrate the internals of trained models and the results of
machine-learning experiments

Importantly, not only will you know how to build and run such applications, but you
will also understand how they work. For instance, you will have practical knowledge of
the strategies and constraints involved in creating deep-learning models for various

I Abhishek Singh, “Getting Alexa to Respond to Sign Language Using Your Webcam and TensorFlow.js,”
Medium, 8 Aug. 2018, http://mng.bz/4eEa.

12 Andreas Madsen, “Clinic.js Doctor Just Got More Advanced with TensorFlow.js,” Clinic.js blog, 22 Aug. 2018,
http://mng.bz/Q06w.
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types of problems, as well as the steps and gotchas in training and deploying such
models.

Machine learning is a wide field; TensorFlow.js is a versatile library. Therefore,
some applications are entirely doable with existing TensorFlow.js technology but are
beyond what is covered in the book. Examples are:

High-performance, distributed training of deep neural networks that involve a
huge amount of data (on the order of terabytes) in the Node.js environment
Non-neural-network techniques, such as SVMs, decision trees, and random
forests

Advanced deep-learning applications such as text-summarization engines that
reduce large documents into a few representative sentences, image-to-text
engines that generate text summary from input images, and generative image
models that enhance the resolution of input images

This book will, however, give you foundational knowledge of deep learning with which
you will be prepared to learn about the code and articles related to those advanced
applications.

Like any other technology, TensorFlow.js has its limits. Some tasks are beyond what
it can do. Even though these limits are likely to be pushed in the future, it is good to
be aware of where the boundaries are at the time of writing:

Running deep-learning models with memory requirements that exceed the
RAM and WebGL limits in a browser tab. For in-browser inference, this typically
means a model with a total weight size above ~100 MB. For training, more mem-
ory and compute power is required, so it is possible that even smaller models will
be too slow to train in a browser tab. Model training also typically involves larger
amounts of data than inference, which is another limiting factor that should be
taken into account when assessing the feasibility of in-browser training.

Creating a high-end reinforcement learner, such as the kind that can defeat
human players at the game of Go.

Training deep-learning models with a distributed (multimachine) setup using

Node,js.

Exercises

Whether you are a frontend JavaScript developer or a Node.js developer, based
on what you learned in this chapter, brainstorm a few possible cases in which
you can apply machine learning to the system you are working on to make it
more intelligent. For inspiration, refer to tables 1.1 and 1.2, as well as section
1.3.3. Some further examples include the following:
A fashion website that sells accessories such as sunglasses captures images of
users’ faces using the webcam and detects facial landmark points using a
deep neural network running on TensorFlow.js. The detected landmarks are
then used to synthesize an image of the sunglasses overlaid on the user’s face
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to simulate a try-on experience in the web page. The experience is realistic
because the simulated try-on can run with low latency and at a high frame
rate thanks to clientside inference. The user’s data privacy is respected
because the captured facial image never leaves the browser.

A mobile sports app written in React Native (a cross-platform JavaScript
library for creating native mobile apps) tracks users’ exercise. Using the
HTMLS5 API, the app accesses real-time data from the phone’s gyroscope and
accelerometer. The data is run through a TensorFlow.js-powered model that
automatically detects the user’s current activity type (for example, resting
versus walking versus jogging versus sprinting).

A browser extension automatically detects whether the person using the
device is a child or an adult (by using images captured from the webcam at a
frame rate of once per 5 seconds and a computer-vision model powered by
TensorFlow.js) and uses the information to block or grant access to certain
websites accordingly.

A browser-based programming environment uses a recurrent neural network
implemented with TensorFlow.js to detect typos in code comments.

A Node. js-based server-side application that coordinates a cargo logistics ser-
vice uses real-time signals such as carrier status, cargo type and quantity,
date/time, and traffic information to predict the estimated time of arrival
(ETA) for each transaction. The training and inference pipelines are all writ-
ten in Node.js, using TensorFlow.js, simplifying the server stack.

Summary

Al is the study of automating cognitive tasks. Machine learning is a subfield of
Al in which rules for performing a task such as image classification are discov-
ered automatically by learning from examples in the training data.

A central problem in machine learning is how to transform the original repre-
sentation of data into a representation more amenable to solving the task.
Neural networks are an approach in machine learning wherein the transforma-
tion of data representation is performed by successive steps (or layers) of mathe-
matical operations. The field of deep learning concerns deep neural networks—
neural networks with many layers.

Thanks to enhancements in hardware, increased availability of labeled data,
and advances in algorithms, the field of deep learning has made astonishing
progress since the early 2010s, solving previously unsolvable problems and cre-
ating exciting new opportunities.

JavaScript and the web browser are a suitable environment for deploying and
training deep neural networks.

TensorFlowjs, the focus of this book, is a comprehensive, versatile, and power-
ful open source library for deep learning in JavaScript.



Part 2

A gentle introduction
to Tensorllow.js

Having covered the foundations, in this part of the book we dive into
machine learning in a hands-on fashion, armed with TensorFlow.js. We start in
chapter 2 with a simple machine-learning task—regression (predicting a single
number)—and work toward more sophisticated tasks such as binary and multi-
class classification in chapters 3 and 4. In lockstep with task types, you’ll also see
a gentle progression from simple data (flat arrays of numbers) to more complex
ones (images and sounds). The mathematical underpinning of methods such as
backpropagation will be introduced alongside concrete problems and the code
that solves them. We eschew formal math in favor of more intuitive explanations,
diagrams, and pseudo-code. Chapter 5 discusses transfer learning, an efficient
reuse of pretrained neural networks to adapt to new data, and presents an
approach especially suited to the deep-learning browser environment.






Getting started.:
Stmple linear regression
in Tensorllow.js

This chapter covers

= A minimal example of a neural network for the simple
machine-learning task of linear regression

= Tensors and tensor operations
= Basic neural network optimization

Nobody likes to wait, and it’s especially annoying to wait when we don’t know how
long we’ll have to wait for. Any user experience designer will tell you that if you
can’t hide the delay, then the next best thing is to give the user a reliable estimate
of the wait time. Estimating expected delays is a prediction problem, and the Ten-
sorFlow.js library can be used to build an accurate download-time prediction, sensi-
tive to the context and user, enabling us to build clear, reliable experiences that
respect the user’s time and attention.

In this chapter, using a simple download-time prediction problem as our moti-
vating example, we will introduce the main components of a complete machine-
learning model. We will cover tensors, modeling, and optimization from a practical
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point of view so that you can build intuitions about what they are, how they work, and
how to use them appropriately.

A complete understanding of the internals of deep learning—the type a dedicated
researcher would build over years of study—requires familiarity with many mathemat-
ical subjects. For the deep-learning practitioner, however, expertise with linear alge-
bra, differential calculus, and the statistics of high-dimensional spaces is helpful but
not necessary, even to build complex, high-performance systems. Our goal in this
chapter, and throughout this book, is to introduce technical topics as necessary—
using code, rather than mathematical notation, when possible. We aim to convey an
intuitive understanding of the machinery and its purpose without requiring domain
expertise.

Example 1: Predicting the duration of a download
using TensorFlow.js

Let’s jump right in! We will construct a bare-minimum neural network that uses the
TensorFlow.js library (sometimes shortened to tfjs) to predict download times given
the size of the download. Unless you already have experience with TensorFlow.js or
similar libraries, you won’t understand everything about this first example right away,
and that’s fine. Each subject introduced here will be covered in detail in the coming
chapters, so don’t worry if some parts look arbitrary or magical to you! We’ve got to
start somewhere. We will begin by writing a short program that accepts a file size as
input and outputs a predicted time to download the file.

Project overview: Duration prediction

When studying a machine-learning system for the first time, you may be intimidated
by the variety of new concepts and lingo. Therefore, it’s helpful to look at the entire
workflow first. The general outline of this example is illustrated in figure 2.1, and it is
a pattern that we will see repeated across our examples in this book.

First, we will access our training data. In machine learning, data can be read from
disk, downloaded over the network, generated, or simply hard-coded. In this example,
we take the last approach because it is convenient, and we are dealing with only a small
amount of data. Second, we will convert the data into tensors, so they can be fed to our
model. The next step is creating a model, which, as we saw in chapter 1, is akin to
designing an appropriate trainable function: a function mapping input data to things
we are trying to predict. In this case, the input data and the prediction targets are both
numbers. Once our model and data are available, we will then train the model, moni-
toring its reported metrics as it goes. Finally, we will use the trained model to make pre-
dictions on data we haven’t seen yet and measure the model’s accuracy.

We will proceed through each of these phases with copy-and-paste runnable code
snippets and explanations of both the theory and the tools.
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Get training data L ) .
In this simple project, we simply pass

around hard-coded JavaScript arrays.

Listing 2.1 See section 2.1.3 (beginning)

L F

R Data objects must be represented as

tensors.

Listing 2.2 See section 2.1.3 (end)

e

CEABEE Build a simple linear model with Keras-
compatible TensorFlow.js layer primitives.
Listings 2.3 and 2.4 See section 2.1.4

=

Train your model to fit the training data to
check whether the process is working.

Fit model to data

Listing 2.5 See section 2.1.5

N (N (N

=

Make predictions using the trained
model.

Use model on new data

Section 2.1.6 See section 2.1.6

Figure 2.1 Overview of the major steps involved in the download-time
prediction system, our first example

2.1.2 A note on code listings and console interactions

Code in this book will be presented in two formats. The first format, the code listing,
presents structural code that you will find in the referenced code repositories. Each
listing has a title and a number. For example, listing 2.1 contains a very short HTML
snippet that you could copy verbatim into a file—for example, /tmp/tmp.html—on
your computer and then open in your web browser at file:///tmp/tmp.html, though
it won’t do much by itself.

The second format of code is the console interaction. These more informal blocks are
intended to convey example interactions at a JavaScript REPL,' such as the browser’s

! Read-eval-printloop, also known as an interactive interpreter or shell. The REPL allows us to interact actively

with our code to interrogate variables and test functions.
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JavaScript console (Cmd-Opt], Ctrl+Shift+], or F12 in Chrome, but your browser/OS
may be different). Console interactions are indicated with a preceding greater-than
sign, like what we see in Chrome or Firefox, and their outputs are presented on the next
line, just as in the console. For example, the following interaction creates an array and
prints the value. The output you see at your JavaScript console may be slightly different,
but the gist should be the same:

> let a = ['hello', 'world', 2 * 1009]

> a;

(3) ["hello", "world", 2018]

The best way to test, run, and learn from the code listings in this book is to clone the
referenced repositories and then play with them. During the development of this
book, we made frequent use of CodePen as a simple, interactive, shareable repository
(http://codepen.io). For example, listing 2.1 is available for you to play with at
codepen.io/tfjs-book/pen/VEVMbx. When you navigate to the CodePen, it should
run automatically. You should be able to see output printed to the console. Click Con-
sole at bottom left to open the console. If the CodePen doesn’t run automatically, try
making a small, inconsequential change, such as adding a space to the end, to kick-
start it.

The listings from this section are available in this CodePen collection: codepen
.o/ collection/Xzwavm /. CodePen works well where there is a single JavaScript file,
but our larger and more structured examples are kept in GitHub repositories, which
you will see in later examples. For this example, we recommend reading through this
section and then playing with the associated CodePens in order.

Creating and formatting the data

Let’s estimate how long it will take to download a file on a machine, given only its size
in MB. We’ll first use a pre-created dataset, but, if you’re motivated, you can create a
similar dataset, modeling your own system’s network statistics.

Listing 2.1 Hard-coding the training and test data (from CodePen 2-a)

<script src='https://cdn.jsdelivr.net/npm/@tensorflow/tfjs@latest'></script>

<script>
const trainData = {
sizeMB: [0.080, 9.000, 0.001, 0.100, 8.000,
5.000, 0.100, 6.000, 0.050, 0.500,
0.002, 2.000, 0.005, 10.00, 0.010,
7.000, 6.000, 5.000, 1.000, 1.000],
timeSec: [0.135, 0.739, 0.067, 0.126, 0.646,
0.435, 0.069, 0.497, 0.068, 0.116,
0.070, 0.289, 0.076, 0.744, 0.083,
0.560, 0.480, 0.399, 0.153, 0.149]
Y
const testData = {
sizeMB: [5.000, 0.200, 0.001, 9.000, 0.002,
0.020, 0.008, 4.000, 0.001, 1.000,
0.005, 0.080, 0.800, 0.200, 0.050,
7.000, 0.005, 0.002, 8.000, 0.0087],
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timeSec: [0.425, 0.098, 0.052, 0.686, 0.066,
0.078, 0.070, 0.375, 0.058, 0.136,
0.052, 0.063, 0.183, 0.087, 0.066,
0.558, 0.066, 0.068, 0.610, 0.057]

i;script>

In the previous HTML code listing, we’ve chosen to explicitly include the <script>
tags, illustrating how to load the most recent version of the TensorFlow.js library using
the @latest suffix (at the time of writing, this code ran with tfjs 0.13.5). We will go
into more detail later about different ways to import TensorFlow.js into your applica-
tion, but going forward, the <script> tags will be assumed. The first script loads the
TensorFlow package and defines the symbol tf, which provides a way to refer to
names in TensorFlow. For example, tf.add () refers to the TensorFlow add operation,
which adds two tensors. Going forward, we will assume that the tf symbol is loaded
and available in the global namespace by, for example, sourcing the TensorFlow.js
script as previously.

Listing 2.1 creates two constants, trainData and testData, each representing 20
samples of how long it took to download a file (timeSec) and the size of that file
(sizeMB). The elements in sizeMB and those in timeSec have one-to-one correspon-
dence. For example, the first element of sizeMB in trainData is 0.080 MB, and down-
loading that file took 0.135 seconds—that is, the first element of timeSec—and so
forth. Our goal in this example will be to estimate timeSec, given just sizelMB. In this
first example, we are creating the data directly by hard-coding it in our code. This
approach is expedient for this simple example but will become unwieldy very quickly
when the size of the dataset grows. Future examples will illustrate how to stream data
from external storage or over the network.

Back to the data. From the plot in figure 2.2, we can see that there is a very predict-
able, if imperfect, relationship between the size and download time. Data in real life is
noisy, but it looks like we should be able to make a pretty good linear estimate of the
duration given the file size. Judging by eye, the duration should be about 0.1 seconds
when the file size is zero and then grow at about 0.07 seconds for each additional MB.
Recall from chapter 1 that each input-output pair is sometimes called an example. The
output is often referred to as the target, while the elements of the input are often
called the features. In our case here, each of our 40 examples has exactly one feature,
sizeMB, and a numeric target, timeSec.

In listing 2.1, you might have noticed that the data is split into two subsets, namely
trainData and testData. trainData is the training set. It contains the examples the
model will be trained on. testData is the test set. We will use it to judge how well the
model is trained after the training is complete. If we trained and evaluated using the
exact same data, it would be like taking a test after having already seen the answers. In
the most extreme case, the model could theoretically memorize the timeSec value for
each sizeMB in the training data—not a very good learning algorithm. The result
would not be a good judge of future performance because it is unlikely that the values
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Figure 2.2 Measured download duration versus file size. If you are interested, at this
point, in how to create plots like this, the code is listed in CodePen codepen.io/tfjs-
book/pen/ dgQVze.

of the future input features will all be exactly the same as the ones the model has been
trained on.

Therefore, the workflow will be as follows. First we’ll fit the neural network on the
training data to make accurate predictions of timeSec given sizeMB. Then, we’ll ask
the network to produce predictions for sizeMB using the testing data, and we’ll mea-
sure how close those predictions are to timeSec. But first, we’ll have to convert this
data into a format that TensorFlow.js will understand, and this will be our first exam-
ple usage of tensors. The code in listing 2.2 shows the first usage of functions under
the tf.* namespace you will see in this book. Here, we see methods for converting
data stored in raw JavaScript data structures into tensors.

Although the usage is pretty straightforward, those readers who wish to gain a
firmer grounding in these APIs should read appendix B, which covers not only tensor-
creation functions such as tf.tensor2d(), but also functions that perform operations
transforming and combining tensors, and patterns of how common real-world data
types, such as images and videos, are conventionally packed into tensors. We do not
dive deeply into the low-level API in the main text because the material is somewhat
dry and not tied to specific example problems.

Listing 2.2 Converting data into tensors (from CodePen 2-b)

const trainTensors = {
sizeMB: tf.tensor2d(trainData.sizeMB, [20, 1]1), <
timeSec: tf.tensor2d(trainData.timeSec, [20, 11)

Y

const testTensors = { The [20, 1] here is the tensor’s “shape.” More will be explained

later, but here this shape means we want to interpret the list of
numbers as 20 samples, where each sample is 1 number. If the
shape is obvious from, for example, the structure of the data
array, this argument can be left out.
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sizeMB: tf.tensor2d(testData.sizeMB, [20, 1]),

timeSec: tf.tensor2d(testData.timeSec, [20, 1])
Yi
In general, all current machine-learning systems use tensors as their basic data struc-
ture. Tensors are fundamental to the field—so fundamental that TensorFlow and
TensorFlow.js are named after them. A quick reminder from chapter 1: at its core, a
tensor is a container for data—almost always numerical data. So, it can be thought of
as a container for numbers. You may already be familiar with vectors and matrices,
which are 1D and 2D tensors, respectively. Tensors are a generalization of matrices to
an arbitrary number of dimensions. The number of dimensions and size of each
dimension is called the tensor’s shape. For instance, a 3 x 4 matrix is a tensor with
shape [3, 4]. A vector of length 10 is a 1D tensor with shape [10].

In the context of tensors, a dimension is often called an axis. In TensorFlow.js, ten-
sors are the common representation that lets components communicate and work
with each other, whether on CPU, GPU, or other hardware. We will have more to say
about tensors and their common use cases as the need arises, but for now, let’s con-
tinue with our prediction project.

Defining a simple model

In the context of deep learning, the function from input features to targets is known as
a model. The model function takes features, runs a computation, and produces predic-
tions. The model we are building here is a function that takes a file size as input and
outputs durations (see figure 2.2). In deep-learning parlance, sometimes we use network
as a synonym for model. Our first model will be an implementation of linear regression.

Regression, in the context of machine learning, means that the model will output
real-valued numbers and attempt to match the training targets; this is opposed to clas-
sification, which outputs choices from a set of options. In a regression task, a model
that outputs numbers closer to the target is better than a model that outputs numbers
farther away. If our model predicts that a 1 MB file will take about 0.15 seconds, that’s
better (as we can see from figure 2.2) than if our model predicts that a 1 MB file will
take about 600 seconds.

Linear regression is a specific type of regression in which the output, as a function
of the input, can be illustrated as a straight line (or, by analogy, a flat plane in a
higher-dimensional space when there are multiple input features). An important
property of models is that they are tunable. This means that the input-output computa-
tion can be adjusted. We use this property to tune the model to better “fit” the data. In
the linear case, the model input-output relationship is always a straight line, but we
can adjust the slope and y-intercept.

Let’s build our first network to get a feel for this.

Listing 2.3 Constructing a linear regression model (from CodePen 2-c)

const model = tf.sequentiall();
model.add (tf.layers.dense ({inputShape: [1], units: 1}));
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The core building block of neural networks is the layer, a data-processing module that
you can think of as a tunable function from tensors to tensors. Here, our network con-
sists of a single dense layer. This layer has a constraint on the shape of the input tensor,
as defined by the parameter inputShape: [1]. Here, it means that the layer is expect-
ing input in the form of a 1D tensor with exactly one value. The output from the dense
layer is always a 1D tensor for each example, but the size of that dimension is con-
trolled by the units configuration parameter. In this case, we want just one output
number because we are trying to predict exactly one number, namely the timeSec.

At its core, the dense layer is a tunable multiply-add between each input and each
output. Since there is only one input and one output, this model is the simple
y =m * x + b linear equation you may recall from high school math. The dense
layer internally calls m the kernel and b the bias, as illustrated in figure 2.3. In this case,
we have constructed a linear model for the relation between the input (sizeMB) and
the output (timeSec):

timeSec = kernel * sizeMB + bias

There are four terms in this equation. Two of them are fixed as far as model training is
concerned: the values of sizeMB and timeSec are determined by the training data
(see listing 2.1). The other two terms, the kernel and bias, are the model’s parame-
ters. Their values are randomly chosen when the model is created. Those random val-
ues will not give good predictions of download duration. In order for decent
predictions to happen, we must search for good values of the kernel and bias by allow-
ing the model to learn from data. This search is the training process.
To find a good setting for the kernel and bias (collectively, the weights) we need two
things:
A measure that tells us how well we are doing at a given setting of the weights
A method to update the weights’ values so that next time we will do better than
we currently are doing, according to the measure previously mentioned

4 N
Model

4 N\

Dense layer

InputTensor kernel OutputTensor
shape: [1] |: shape: [1]
sizeMB timeSec

- J

- /

Figure 2.3 An illustration of our simple linear-regression model. The model has exactly one layer.
The model’s tunable parameters (or weights), the kernel and bias, are shown within the dense layer.
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This brings us to the next step in solving the linear-regression problem. To make the
network ready for training, we need to pick the measure and the update method,
which correspond to the two required items listed previously. This is done as part of
what TensorFlow.js calls the model compilation step, which takes

= A loss function—An error measurement. This is how the network measures its
performance on the training data and steers itself in the right direction. Lower
loss is better. As we train, we should be able to plot the loss over time and see it
going down. If our model trains for a long while, and the loss is not decreasing,
it could mean that our model is not learning to fit the data. Over the course of
this book, you will learn to debug problems like this.

= An optimizer—The algorithm by which the network will update its weights (ker-
nel and bias, in this case) based on the data and the loss function.

The exact purpose of the loss function and the optimizer, and how to make good
choices for them, will be explored thoroughly throughout the next couple of chap-
ters. But for now, the following choices will do.

Listing 2.4 Configuring training options: model compilation (from CodePen 2-c)

model.compile({optimizer: 'sgd', loss: 'meanAbsoluteError'});

We call the compile method on our model, specifying 'sgd' as our optimizer and
'meanAbsoluteError' as our loss. 'meanAbsoluteError' means that our loss function
will calculate how far our predictions are from the targets, take their absolute values
(making them all positive), and then return the average of those values:

meanAbsoluteError = average( absolute(modelOutput - targets) )

For example, given

modelOutput = [1.1, 2.2, 3.3, 3.6]

targets = [1.0, 2.0, 3.0, 4.0]

then,

meanAbsoluteError = average([|1.1 - 1.0], [2.2 - 2.0],
[3.3 - 3.0, |3.6 - 4.0]1)

= average([0.1, 0.2, 0.3, 0.4])

= 0.25

If our model makes very bad predictions that are very far from the targets, then the
meanAbsoluteError will be very large. In contrast, the best we could possibly do is to
get every prediction exactly right, in which case the difference between our model
output and the targets would be zero, and therefore the loss (the meanAbsolute-
Error) would be zero.

The sgd in listing 2.4 stands for stochastic gradient descent, which we will describe a bit
more in section 2.2. Briefly, it means that we will use calculus to determine what
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adjustments we should make to the weights in order to reduce the loss; then we will
make those adjustments and repeat the process.
Our model is now ready to be fit to our training data.

Fitting the model to the training data

Training a model in TensorFlow.js is done by calling the model’s £it () method. We fit
the model to the training data. Here, we pass in the sizeMB tensor as our input and
the timeSec tensor as our desired output. We also pass in a configuration object with
an epochs field that specifies that we would like to go through our training data
exactly 10 times. In deep learning, each iteration through the complete training set is
called an epoch.

Listing 2.5 Fitting a linear regression model (from CodePen 2-c)

(async function() {
await model.fit (trainTensors.sizeMB,

trainTensors.timeSec,

{epochs: 10});
IO
The fit () method can often be long-running, lasting for seconds or minutes. There-
fore, we utilize the async/await feature of ES2017/ES8 so that this function can be
used in a way that does not block the main Ul thread when running in the browser.
This is similar to other potentially long-running functions in JavaScript, such as async
fetch. Here, we wait for the fit () call to finish before going on, using the Immedi-
ately Invoked Async Function Expression? pattern, but future examples will train in
the background while doing other work in the foreground thread.

Once our model has completed fitting, we will want to see whether it worked. Cru-
cially, we will evaluate the model on data that was not used during training. This
theme of separating test data from training data (and hence avoiding training on the
test data) is something that will come up over and over in this book. It is an important
part of the machine-learning workflow that you should internalize.

The model’s evaluate () method calculates the loss function as applied to the pro-
vided example features and targets. It is similar to the fit () method in that it calcu-
lates the same loss, but evaluate() does not update the model’s weights. We use
evaluate () to estimate the quality of the model on the test data, so as to get an idea
about how the model would perform in the future application:
> model.evaluate(testTensors.sizeMB, testTensors.timeSec).print();

Tensor

0.31778740882873535
Here, we see that the loss, averaged across the test data, is about 0.318. Given that, by
default, models are trained from a random initial state, you will get a different value.

2 For more on Immediately Invoked Function Expressions, see http://mng.bz/RPOZ.
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Another way to say the same thing is that the mean absolute error (MAE) of this
model is just over 0.3 seconds. Is this good? Is it better than just estimating a constant?
One good constant we could choose is the average delay. Let’s see what kind of error
that would get, using TensorFlow.js’s support for mathematical operations on tensors.
First, we’ll compute the average download time, calculated over our training set:

> const avgDelaySec = tf.mean(trainData.timeSec) ;
> avgDelaySec.print () ;
Tensor

0.2950500249862671

Next, let’s calculate the meanAbsoluteError by hand. MAE is simply the average value
of how far our prediction was from the actual value. We’ll use tf.sub() to calculate
the difference between the test targets and our (constant) prediction and tf.abs()
to take the absolute value (since sometimes we’ll be too low and other times too
high), and then take the average with tf.mean:

> tf.mean(tf.abs(tf.sub(testData.timeSec, 0.295))) .print();

Tensor
0.22020000219345093

See info box 2.1 for how to perform the same computation using the concise chaining
API.

INFO Box 2.1 Tensor chaining API

In addition to the standard API, in which tensor functions are available under the tf
namespace, most tensor functions are also available from the tensor objects them-
selves, allowing you to write in a chaining style if you prefer. The following code is
functionally identical to the meanAbsoluteError computation in the main text:

// chaining API pattern
> testData.timeSec.sub(0.295) .abs () .mean() .print() ;
Tensor

0.22020000219345093

It seems that the average delay is about 0.295 seconds and that always guessing the
average value gives a better estimate than our network does. This means our model’s
accuracy is even worse than that of a commonsense, trivial approach! Can we do bet-
ter? It’s possible that we haven’t trained for enough epochs. Remember that during
training, the values of the kernel and bias are updated step-by-step. In this case, each
epoch is a step. If the model is trained only for a small number of epochs (steps), the
parameter values may not have a chance to get close to the optimum. Let’s train our
model a few more cycles and evaluate again:

trainTensors.timeSec, returned from model.fit to resolve

> model.fit (trainTensors.sizeMB, Be sure to wait for the promise
{epochs: 200}); before executing model.evaluate.

> model.evaluate(testTensors.sizeMB, testTensors.timeSec) .print();
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Tensor
0.04879039153456688

Much better! It seems we were previously underfitting, meaning our model hadn’t been
adapted enough to the training data. Now our estimates are within 0.05 seconds, on
average. We are four times more accurate than naively guessing the mean. In this
book, we will offer guidance about how to avoid underfitting, as well as the more
insidious problem of overfitting, where the model is tuned too much to the training data
and doesn’t generalize well to data it hasn’t seen!

Using our trained model to make predictions

OK, great! We now have a model that can make accurate predictions of download
time given an input size, but how do we use it? The answer is the model’s predict ()
method:

> const smallFileMB = 1;

> const bigFileMB = 100;

> const hugeFileMB = 10000;

> model .predict (tf.tensor2d([[smallFileMB], [bigFileMB],
[hugeFileMB]1]1)) .print () ;

Tensor
[[0.1373825 1,
[7.2438402 1,

[717.8896484]]

Here, we see that our model predicts that a 10,000 MB file download will take about
718 seconds. Note that we didn’t have any examples in our training data near this size.
In general, extrapolating to values well outside the training data is very risky, but with
a problem this simple, it may be accurate . . . so long as we don’t run into new compli-
cations with memory buffers, input-output connectivity, and so on. It would be better
if we could collect more training data in this range.

We see also that we needed to wrap our input variables into an appropriately
shaped tensor. In listing 2.3, we defined the inputShape to be [1], so the model
expects each example to have that shape. Both fit () and predict () work with multi-
ple examples at a time. To provide n samples, we stack them together into a single
input tensor, which thus must have the shape [n, 1].If we had forgotten, and instead
provided a tensor with the wrong shape to the model, we would have gotten a shape
error, like the following code:
> model.predict (tf.tensorld([smallFileMB, bigFileMB, hugeFileMB])) .print();

Uncaught Error: Error when checking : expected dense_Densel_input to have 2
dimension(s), but got array with shape [3]

Watch out for this type of shape mismatch because it is a very common type of error!
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Summary of our first example

For this small example, it’s possible to illustrate the model’s result. Figure 2.4 shows
the model’s output (timeSec) as a function of the input (sizeMB) for the models at
four points in the process, beginning with the underfit one at 10 epochs and the con-
verged one. We see that the converged model closely fits the data. If you are inter-
ested, at this point, in exploring how to plot data like that in figure 2.4, please visit the
CodePen at codepen.io/tfjs-book/pen/VEVMMd.

Model fit result

0.8 ® trainData
#  testData
----- Model after 10 epochs
0.6 = = Model after 20 epochs
== Model after 100 epochs
’g = \lodel after 200 epochs
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o 04
£
'_
0.2
0

Size (MB)
Figure 2.4 The linear model fit after training for 10, 20, 100, and 200 epochs
This concludes our first example. You just saw how you can build, train, and evaluate a

TensorFlow.js model in very few lines of JavaScript code (see listing 2.6). In the next
section, we’ll go a bit deeper into what’s going on inside of model. fit.

Listing 2.6 Model definition, training, evaluation, and prediction

const model = tf.sequential([tf.layers.dense({inputShape: [1], units: 1})]);
model.compile ({optimizer: 'sgd', loss: 'meanAbsoluteError'});
(async () => await model.fit (trainTensors.sizeMB,

trainTensors.timeSec,

{epochs: 10})) ();
model.evaluate (testTensors.sizeMB, testTensors.timeSec) ;
model .predict (tf.tensor2d([[7.8]])) .print () ;
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Inside Model.fit(): Dissecting gradient descent
from example 1

In the previous section, we built a simple model and fit it to some training data, show-
ing that we could make reasonably accurate predictions of download time given the
file size. It isn’t the most impressive neural network, but it works in precisely the same
way as the larger, much more complicated systems we’ll be building. We saw that fit-
ting it for 10 epochs wasn’t very good, but fitting it for 200 epochs produced a quality
model.? Let’s go into a bit more detail to understand exactly what happens under the
hood when the model is trained.

The intuitions behind gradient-descent optimization
Recall that our simple, one-layer model is fitting a linear function £ (input), defined as
output = kermnel * input + bias

where the kernel and bias are tunable parameters (the weights) of the dense layer.
These weights contain the information learned by the network from exposure to the
training data.

Initially, these weights are filled with small random values (a step called random ini-
tialization). Of course, there’s no reason to expect that kernel * input + bias will
yield anything useful when the kernel and bias are random. Using our imagination,
we can picture how the value of the MAE will change across different choices of these
parameters. We expect that the loss will be low when they approximate the slope and
intercept of the line we perceive in figure 2.4, and that the loss will get worse as the
parameters describe very different lines. This concept—the loss as a function of all
tunable parameters—is known as the loss surface.

Since this is a tiny example, and we just have two tunable parameters and a single
target, it’s possible to illustrate the loss surface as a 2D contour plot, as figure 2.5
shows. This loss surface has a nice bowl shape, with a global minimum at the bottom
of the bowl representing the best parameter settings. In general, however, the loss sur-
face of a deep-learning model is much more complex than this one. It will have many
more than two dimensions and could have many local minima—that is, points that are
lower than anything nearby but not the lowest overall.

We see that this loss surface is shaped like a bowl, with the best (lowest) value some-
where around {bias: 0.08, kernel: 0.07}. This fits the geometry of the line
implied by our data, where the download time is about 0.10 seconds, even when the
file size is near zero. Our model’s random initialization starts us at a random parame-
ter setting, analogous to a random location on this map, from which we calculate our
initial loss. Next, we gradually adjust the parameters based on a feedback signal. This
gradual adjustment, also called training, is the “learning” in “machine learning.” This
happens within a training loop—illustrated in figure 2.6.

3 Note that for a simple linear model like this one, simple, efficient, closed-form solutions exist. However, this
optimization method will continue to work even for the more complicated models we introduce later.



Inside Model.fit(): Dissecting gradient descent from example 1

Loss surface

0.35
0.1
0.3
0.05 - 0.25
(2]
8 0.2
o
0=
0.15
0.1
-0.05=
0.05
—0.1+= | 1 |
-0.05 0 0.05 0.1

Kernel

Figure 2.5 The loss surface illustrates loss, shown against the model’s tunable parameters, as a

contour plot. With this birds-eye view, we see that a choice of {bias: 0.08, kernel: 0.07}
(marked with a white X) would be a reasonable choice for low loss. Rarely do we have the luxury of
being able to test all the parameter settings to build a map like this, but if we did, optimization would
be very easy; just pick the parameters corresponding to the lowest loss!

@ There is a model with @
weights w.

Determine the gradient of
the loss with respect to w.
Update w slightly to
reduce the loss.

Compute the loss between /
@ y_pred and the true @

values, y_true.

Apply the model to a new
data batch x, to get a new
output y_pred.

Figure 2.6 A flowchart illustrating the training loop, which updates the
model via gradient descent
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Figure 2.6 illustrates how the training loop iterates through these steps as long as
necessary:

Draw a batch of training samples x and corresponding targets y_true. A batch is
simply a number of input examples put together as a tensor. The number of
examples in a batch is called the batch size. In practical deep learning, it is often
set to be a power of 2, such as 128 or 256. Examples are batched together to
take advantage of the GPU’s parallel processing power and to make the calcu-
lated values of the gradients more stable (see section 2.2.2 for details).

Run the network on x (a step called the forward pass) to obtain predictions
v_pred.

Compute the loss of the network on the batch, a measure of the mismatch
between y_true and y_pred. Recall that the loss function is specified when
model.compile () is called.

Update all the weights (parameters) in the network in a way that slightly
reduces the loss on this batch. The detailed updates to the individual weights
are managed by the optimizer, another option we specified during the
model.compile () call.

If you can lower your loss at every step, you will eventually end up with a network with
low loss on the training data. The network has “learned” to map its inputs to correct
targets. From afar, it may look like magic, but when reduced to these elementary steps,
it turns out to be simple.

The only difficult part is step 4: how can you determine which weights should be
increased, which should be decreased, and by how much? We could simply guess and
check, and only accept updates that actually reduce the loss. Such an algorithm might
work for a simple problem like this one, but it would be very slow. For larger prob-
lems, when we are optimizing millions of weights, the likelihood of randomly select-
ing a good direction becomes vanishingly small. A much better approach is to take
advantage of the fact that all operations used in the network are differentiable and to
compute the gradient of the loss with regard to the network’s parameters.

What is a gradient? Instead of defining it precisely (which requires some calculus),
we can describe it intuitively as the following:

A direction such that if you move the weights by a tiny bit in that direction, you will

increase the loss function the fastest, among all possible directions
Even though this definition is not overly technical, there is still a lot to unpack, so let’s
try to break it down:

First, the gradient is a vector. It has the same number of elements as the weights
do. It represents a direction in the space of all choices of the weight values. If
the weights of your model consist of two numbers, as is the case in our simple
linear-regression network, then the gradient is a 2D vector. Deep-learning mod-
els often have thousands or millions of dimensions, and the gradients of these
models are vectors (directions) with thousands or millions of elements.
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Second, the gradient depends on current weight values. In other words, differ-
ent weight values will yield different gradients. This is clear from figure 2.5, in
which the direction that descends most quickly depends on where you are on
the loss surface. On the left edge, we must go right. Near the bottom, we must
go up, and so on.

Finally, the mathematical definition of a gradient specifies a direction along
which the loss function increases. Of course, when training neural networks, we
want the loss to decrease. This is why we must move the weights in the direction
opposite the gradient.

Consider, by way of analogy, a hike in a mountain range. Imagine we wish to travel to a
place with the lowest altitude. In this analogy, we can change our altitude by moving in
any direction defined by the east-west and north-south axes. We should interpret the
first bullet point as saying that the gradient of our altitude is the direction most
steeply upward given the slope under our feet. The second bullet is somewhat obvi-
ous, stating that the direction most steeply upward depends on our current position.
Finally, if we wish to go to a low altitude, we should take steps in the direction opposite
the gradient.

This training process is aptly named gradient descent. Remember in listing 2.4, when
we specified our model optimizer with the configuration optimizer: 'sgd'? The
gradient-descent portion of stochastic gradient descent should now be clear. The “sto-
chastic” part just means we draw random samples from the training data during each
gradient-descent step for efficiency, as opposed to using every training data sample at
every step. Stochastic gradient descent is simply a modification of gradient descent for
computational efficiency.

We now have tools for a more complete explanation of how optimization works,
and why 200 epochs were better than 10 for our download-time estimation model. Fig-
ure 2.7 illustrates how the gradient-descent algorithm follows a path down our loss
surface to find a weight setting that fits our training data nicely. The contour plot in
panel A of figure 2.7 shows the same loss surface as before, zoomed in a bit and now
overlaid with the path followed by the gradient-descent algorithm. The path begins at
the random initialization—a random place on the image. We have to pick somewhere
random to start since we don’t know the optimum beforehand! Several other points of
interest are called out along the path, illustrating the positions corresponding to the
underfit and the well-fit models. Panel B of figure 2.7 shows a plot of the model loss as
a function of the step, highlighting the analogous points of interest. Panel C illustrates
the models using the weights as snapshots at the steps highlighted in B.

Our simple linear-regression model is the only model in this book where we will
have the luxury to visualize the gradient-descent process this vividly. But when we
encounter more complex models later, keep in mind that the essence of gradient
descent remains the same: it’s just iteratively stepping down the slope of a complicated,
high-dimensional surface, hoping that we will end up at a place with very low loss.
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Figure 2.7 Panel A: taking 200 moderate steps using gradient descent guides the parameter settings to the local
optimum. Annotations highlight the starting weights and values after 20, 100, and 200 epochs. Panel B: a plot of
the loss as a function of the epoch, highlighting the loss at the same points. Panel C: the function from sizeMB
to timeSec, embodied by the fitted model after 10, 20, 100, and 200 epochs of training, repeated here for you to
easily compare the loss surface position and model output. See codepen.io/tfjs-book/pen/IJmerMM to play with
this code.

In our initial effort, we used the default step size (determined by the default learning
rate), but in looping over our limited data only 10 times, there weren’t enough steps
to reach the optimum; 200 steps were enough. In general, how do you know how to
set the learning rate, or how to know when training is done? There are some helpful
rules of thumb, which we will cover over the course of this book, but there is no
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hard-and-fast rule that will always keep you out of trouble. If we use too small a learn-
ing rate and end up with too small a step, we won’t reach the optimum parameters
within a reasonable amount of time. Conversely, if we use too large a learning rate
and therefore too big of a step, we will completely skip over the minimum and may
even end up with higher loss than the place we left. This will cause our model’s
parameters to oscillate wildly around the optimum instead of approaching it quickly
in a straightforward way. Figure 2.8 illustrates what happens when our gradient step
is too large. In more extreme cases, large learning rates will cause the parameter val-
ues to diverge and go to infinity, which will in turn generate NaN (not-a-number) val-
ues in the weights, completely ruining your model.

Too large a learning rate skips past the minimum
to a point with higher error.

0.35

0.25

Bias

0.15

0.05

I
-0.05 0 0.05 0.1

Kernel

Figure 2.8 When the learning rate is too high, the gradient step will be too large, and the
new parameters may be worse than the old ones. This could lead to oscillating behavior or
some other instability resulting in infinities or NaNs. You can try increasing the learning rate
in the CodePen code to 0.5 or higher to see this behavior.
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Backpropagation: Inside gradient descent

In the previous section, we explained how the step size of weight updates affects the
process of gradient descent. However, we haven’t discussed how the directions of the
updates are computed. The directions are critical to the neural network’s learning
process. They are determined by the gradients with respect to the weights, and the
algorithm for computing the gradients is called backpropagation. Invented in the 1960s,
backpropagation is one of the foundations of neural networks and deep learning. In
this section, we will use a simple example to show how backpropagation works. Note
that this section is for readers who wish to get an understanding of backpropagation.
It is not necessary if you only wish to apply the algorithm using TensorFlow.js, because
these mechanisms are all hidden nicely under the tf.Model.fit () API; you may skip
this section and continue reading at section 2.3.
Consider the simple model linear model

y' = v *x,

where x is the input feature and y’ is the predicted output, and v is the only weight
parameter of the model to be updated during backpropagation. Suppose we are using
the squared error as the loss function; we then have the following relation between
loss, v, x, and y (the actual target value):

loss = square(y’ - y) = square(v * x - vy)

Let’s assume the following concrete values: the two inputs are x = 2andy = 5, and
the weight value is v = 0. The loss can then be calculated as 25. This is shown step-by-
step in figure 2.9. Each gray square in panel A represents an input (that is, the x and
the y). Each white box is an operation. There are a total of three operations. The
edges connecting the operations (and the one that connects the tunable weight v with
the first operation) are labeled ey, e;, and ej.

An important step of backpropagation is to determine the following quantity:

Assuming everything else (x andy in this case) stays the same, how much change in the

loss value will we get if v is increased by a unit amount?

This quantity is referred to as the gradient of loss with respect to v. Why do we need this
gradient? Because once we have it, we can alter v in the direction opposite to it, so we
can get a decrease in the loss value. Note that we do not need the gradient of loss with
respect to x or y, because x and y don’t need to be updated: they are the input data
and are fixed.

This gradient is computed step-by-step, starting from the loss value and going back
toward the variable v, as illustrated in panel B of figure 2.9. The direction in which the
computation is carried out is the reason why this algorithm is called “backpropaga-
tion.” Let’s walk through the steps. Each of the following steps corresponds to an
arrow in the figure:

At the edge labeled loss, we start from a gradient value of 1. This is making the
trivial point, “a unit increase in loss corresponds to a unit increase in loss itself.”
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Figure 2.9 lllustrating the backpropagation algorithm through a simple linear model with only one
updatable weight (v). Panel A: forward pass on the model—the loss value is calculated from the
weight (v) and the inputs (x and y). Panel B: backward pass—the gradient of loss with respect to
v is calculated step-by-step, from the loss to v.

At the edge labeled e;, we calculate the gradient of loss with respect to unit
change of the current value at e;. Because the intervening operation is a
square, and from basic calculus we know that the derivative (gradient in the
one-variable case) of (e;)? with respectto e;is 2 * es3, we get a gradient value of
2 * -5 = -10. The value -10 is multiplied with the gradient from before (that
is, 1) to obtain the gradient on edge e;: -10. This is the amount of increase in
loss we’ll get if e; is increased by 1. As you may have observed, the rule that we
use to go from the gradient of the loss with respect to one edge to the one with
respect to the next edge is to multiply the previous gradient with the gradient
calculated locally at the current node. This rule is sometimes referred to as the
chain rule.

At edge e,, we calculate the gradient of e; with respect to e,. Because this is a
simple add operation, the gradient is simply 1, regardless of the other input
value (-y). Multiplying this 1 with the gradient on edge e;, we get the gradient
on edge e,, thatis, -10.
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At edge e;, we calculate the gradient of e, with respect to e;. The operation
here is a multiplication between x and v, that is, x * v. So, the gradient of e,
with respect to e; (that is, with respect to v) is x, or 2. The value of 2 is multi-
plied with the gradient on edge e, to get the final gradient: 2 * -10 = -20.

Up to this point, we have obtained the gradient of loss with respect to v: itis -20. In
order to apply gradient descent, we need to multiply the negative of this gradient with
the learning rate. Suppose the learning rate is 0.01. Then we get a gradient update of

-(-20) * 0.01 = 0.2
This is the update we will apply to v in this step of training:
v=0+10.2=0.2

As you can see, because we have x = 2 and y = 5, and the function to be fitis y’ =
v * x, the optimal value of vis 5/2 = 2.5. After one step of training, the value of v
changes from 0 to 0.2. In other words, the weight v gets a little closer to the desired
value. It will get closer and closer in subsequent training steps (ignoring any noise in
the training data), which will be based on the same backpropagation algorithm previ-
ously described.

The prior example is made intentionally simple so that it’s easy to follow. Even
though the example captures the essence of backpropagation, the backpropagation
that happens in actual neural network training is different from it in the following
aspects:

Instead of providing a simple training example (x = 2andy = 5, in our case),
usually a batch of many input examples are provided simultaneously. The loss
value used to derive the gradient is an arithmetic mean of the loss values for all
the individual examples.

The variables being updated generally have many more elements. So, instead of
doing a simple, one-variable derivative as we just did, matrix calculus is often
involved.

Instead of having to calculate the gradient for only one variable, multiple vari-
ables are generally involved. Figure 2.10 shows an example, which is a slightly
more complex linear model with two variables to optimize. In addition to k, the
model has a bias term: vy’ = k * x + b. Here, there are two gradients to com-
pute, one for k and one for b. Both paths of backpropagation start from the
loss. They share some common edges and form a tree-like structure.

Our treatment of backpropagation in this section is a casual and high-level one. If you
wish to gain a deeper understanding of the math and algorithms of backpropagation,
refer to the links in info box 2.2.

At this point, you should have a pretty good understanding of what happens when
fitting a simple model to training data, so let’s put away our tiny download-time pre-
diction problem and use TensorFlow.js to tackle something a bit more challenging. In
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Figure 2.10 Schematic drawing showing backpropagation from loss to two updatable weights
(k and b).

INFO Box 2.2 Further reading on gradient descent and backpropagation

The differential calculus behind optimizing neural networks is definitely interesting
and gives insight into how these algorithms behave; but beyond the basics, it is defi-
nitely not a requirement for the machine-learning practitioner, in the same way that
understanding the intricacies of the TCP/IP protocol is useful but not critical to under-
standing how to build a modern web application. We invite the curious reader to
explore the excellent resources here to build a deeper understanding of the mathe-
matics of gradient-based optimization in networks:

Backpropagation demo scrollytelling illustration: http://mng.bz/2)4g
Stanford CS231 lecture 4 course notes on backpropagation: http://cs231n
.github.io/optimization-2/

Andrej Karpathy’'s “Hacker’s Guide to Neural Nets:” http://karpathy.github
.lo/neuralnets/

the next section, we’ll build a model to accurately predict the price of real estate from
multiple input features simultaneously.

Linear regression with multiple input features

In our first example, we had just one input feature, sizeMB, with which to predict our
target, timeSec. A much more common scenario is to have multiple input features, to
not know exactly which ones are the most predictive and which are only loosely
related to the target, and to use them all simultaneously and let the learning algo-
rithm sort it out. In this section, we will tackle this more complicated problem.


http://mng.bz/2J4g
http://cs231n.github.io/optimization-2/
http://cs231n.github.io/optimization-2/
http://cs231n.github.io/optimization-2/
http://karpathy.github.io/neuralnets/
http://karpathy.github.io/neuralnets/
http://karpathy.github.io/neuralnets/
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By the end of this section, you will

Understand how to build a model that takes in and learns from multiple input
features.

Use Yarn, Git, and the standard JavaScript project packaging structure to build
and run a web app with machine learning.

Know how to normalize data to stabilize the learning process.

Get a feel for using tf.Model.fit () callbacks to update a web Ul while training.

2.3.1 The Boston Housing Prices dataset

The Boston Housing Prices dataset* is a collection of 500 simple real-estate records
collected in and around Boston, Massachusetts, in the late 1970s. It has been used as a
standard dataset for introductory statistics and machine-learning problems for
decades. Each independent record in the dataset includes numeric measurements of
a Boston neighborhood, including, for example, the typical size of homes, how far the
region is from the closest highway, whether the area has waterfront property, and so
on. Table 2.1 provides the precise ordered list of features, along with the average value
of each feature.

Table 2.1 Features of the Boston-housing dataset

Feature Range
short name Feature description (max — min)

0 CRIM Crime rate 3.62 88.9

1 ZN Proportion of residential land zoned for lots 11.4 100
over 25,000 sq. ft.

2 INDUS Proportion of nonretail business acres (indus- 11.2 27.3
try) in town

3 CHAS Whether or not the area is next to the Charles 0.0694 1
River

4 NOX Nitric oxide concentration (parts per 10 million) 0.555 0.49

5 RM Average number of rooms per dwelling 6.28 5.2

6 AGE Portion of owner-occupied units built before 68.6 97.1
1940

7 DIS Weighted distances to five Boston employment 3.80 11.0
centers

8 RAD Index of accessibility to radial highways 9.55 23.0

* David Harrison and Daniel Rubinfeld, “Hedonic Housing Prices and the Demand for Clean Air,” Journal of
Environmental Economics and Management, vol. 5, 1978, pp. 81-102, http://mng.bz/1wvX.
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Table 2.1 Features of the Boston-housing dataset (continued)

Feature Range
short name Feature description (max — min)
9 TAX Tax rate per US$10,000 408 524.0
10 PTRATIO Pupil-teacher ratio 18.5 9.40
11 LSTAT Percentage of working males without a high 12.7 36.2

school education

12 MEDV Median value of owner-occupied homes in 22.5 45
units of $1,000

In this section, we will build, train, and evaluate a learning system to estimate the
median value of the house prices in a neighborhood (MEDV) given all the input fea-
tures from the neighborhood. You can imagine it as a system for estimating the price
of real estate from measurable neighborhood properties.

Getting and running the Boston-housing project from GitHub

Because this problem is a bit larger than the download-time prediction example and
has more moving pieces, we will begin by providing the solution in the form of a work-
ing code repository, and then guide you through it. If you are already an expert in the
Git source-control workflow and npm/Yarn package management, you may want to
just skim this subsection quickly. More about basic JavaScript project structure is pro-
vided in info box 2.3.

We will begin by cloning the project repository from its source on GitHub?® to get a
copy of the HTML, JavaScript, and configuration files required for the project. Except
the simplest ones, which are hosted on CodePen, all the examples in this book are col-
lected within one of two Git repositories and then separated by directory within the
repository. The two repositories are tensorflow/tfjs-examples and tensorflow/tfjs-
models, both hosted at GitHub. The following commands will clone the repository we
need for this example locally and change the working directory to the Boston-housing
prediction project:
git clone https://github.com/tensorflow/tfjs-examples.git
cd tfjs-examples/boston-housing

5 The examples in this book are open source and are hosted at github.com and codepen.io. If you would like
a refresher on how to use Git source-control tooling, GitHhub has a well-made tutorial beginning at
https://help.github.com/articles/set-up-git. If you see a mistake or would like to help by clarifying something,
you are welcome to send in fixes via GitHub pull requests.


https://help.github.com/articles/set-up-git
https://github.com/tensorflow/tfjs-examples.git
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INFO BoX 2.3 Basic JavaScript project structure of examples used in this
book

The standard project structure we will be using for the examples in this book includes
three important types of files. The first is HTML. The HTML files we will be using will
be bare bones and serve mostly as a basic structure to hold a few components. Typ-
ically, there will be just one HTML file, titled index.html, which will include a few div
tags, perhaps a few Ul elements, and a source tag to pull in the JavaScript code, such
as index.js.

The JavaScript code will usually be modularized into several files in order to promote
good readability and style. In the case of this Boston-housing project, code dealing
with updating visual elements resides in ui.js, and code for downloading the data is
in data.js. Both are referenced via import statements from index.js.

The third important file type we will be working with is the metadata package .json file,
a requirement from the npm package manager (www.npmjs.com). If you haven’t
worked with npm or Yarn before, we recommend skimming the npm “getting started”
documentation at https://docs.npmjs.com/about-npm and becoming familiar enough
to be able to build and run the example code. We will be using Yarn as our package
manager (https://yarnpkg.com/en/), but you should be able to substitute npm for
Yarn if it better suits your needs.

Inside the repository, take note of the following important files:

index.html—The root HTML file, which provides the DOM root and calls to the
JavaScript scripts

index.js—The root JavaScript file, which loads the data, defines the model
and the training loop, and specifies the Ul elements

data.js—Implementation of the structures necessary for downloading and
accessing the Boston-housing dataset

ui.js—Implementation of the Ul hooks for connecting Ul elements to actions;
specification of the plot configuration

normalization.js—Numeric routines for, for example, subtracting the mean
from the data

package.json—Standard npm package definition describing which dependen-
cies are necessary for building and running this demo (such as Tensor-
Flow.js!)

Note that we do not follow the standard practice of putting HTML files and JavaScript
files in type-specific subdirectories. This pattern, while best practice for larger repos-
itories, obscures more than it clarifies for smaller examples like we will be using for
this book or those you can find at github.com/tensorflow/tfjs-examples.

To run the demo, use Yarn:
yvarn && yarn watch

This should open a new tab in your browser pointing to a port on localhost, which
will run the example. If your browser doesn’t automatically react, you can navigate to


www.npmjs.com
https://docs.npmjs.com/about-npm
https://yarnpkg.com/en/
http://github.com/tensorflow/tfjs-examples
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the URL output on the command line. Clicking the button labeled Train Linear
Regressor will trigger the routine to build a linear model and fit it to the Boston-
housing data, and then output an animated graph of the loss on the training and
testing datasets after each epoch, as figure 2.11 illustrates.

Multivariate regression

Split
500 () Train loss
Validation loss

400 -
?
2 300
=

200 -

100 |

0 T T T T T T T T 1
0 40 80 120 160 200
Epoch
Final train-set loss: 21.9864 )
Final validation-set loss: 31.1396 Figure 2.11 The Boston-
Test-set loss: 25.3206 housing linear-regression
Baseline loss (meanSquaredError) is 85.58 example from tfjs-examples

The rest of this section will go through the important points in the construction of
this Boston-housing linear-regression web app demo. We will first review how the data
is collected and processed so as to work with TensorFlow.js. We will then focus on the
construction, training, and evaluation of the model; and, finally, we will show how to
use the model for live predictions on the web page.

Accessing the Boston-housing data

In our first project, in listing 2.1, we hard-coded our data as JavaScript arrays and con-
verted it into tensors using the tf.tensor2d function. Hard-coding is fine for a little
demo but clearly doesn’t scale to larger applications. In general, JavaScript developers
will find that their data is located in some serialized format at some URL (which may
be local). For instance, the Boston-housing data is publicly and freely available in CSV
format from the Google Cloud at the following URLs:
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= https://storage.googleapis.com/ tfjs-examples/multivariate-linear-regression/
data/train-data.csv

= https://storage.googleapis.com/ tfjs-examples/multivariate-linear-regression/
data/train-target.csv

= https://storage.googleapis.com/ tfjs-examples/multivariate-linear-regression/
data/test-data.csv

= https://storage.googleapis.com/ tfjs-examples/multivariate-linear-regression/
data/test-target.csv

The data has been presplit by randomly assigning samples into training and testing
portions. About two-thirds of the samples are in the training split, and the remaining
one-third are reserved for independently evaluating the trained model. Additionally,
for each split, the target feature has been separated into a CSV file apart from the
other features, resulting in the four file names listed in table 2.2.

Table 2.2 File names by split and contents for the Boston-housing dataset

Features (12 numbers) Target (1 number)
Train-test split Training | train-data.csv train-target.csv
Testing test-data.csv test-target.csv

In order to pull these into our application, we will need to be able to download this
data and convert it into a tensor of the appropriate type and shape. The Boston-hous-
ing project defines a class BostonHousingDataset in data.js for this purpose. This
class abstracts away the dataset streaming operation, providing an API to retrieve the
raw data as numeric matrices. Internally, the class uses the public open source Papa
Parse library (www.papaparse.com) to stream and parse the remote CSV files. Once
the file has been loaded and parsed, the library returns an array of arrays of num-
bers. It is then converted into a tensor using the same API as in the first example, as
per the following listing, a slightly trimmed-down sample from index.js focused on
the relevant bits.

Listing 2.7 Converting the Boston-housing data to tensors in index.js

// Initialize a BostonHousingDataset object defined in data.js.
const bostonData = new BostonHousingDataset () ;

const tensors = {};
// Convert the loaded csv data, of type number[][] into 2d tensors.
export const arraysToTensors = () => {

tensors.rawTrainFeatures = tf.tensor2d(bostonData.trainFeatures);
tensors.trainTarget = tf.tensor2d(bostonData.trainTarget);
tensors.rawTestFeatures = tf.tensor2d(bostonData.testFeatures);
tensors.testTarget = tf.tensor2d(bostonData.testTarget);

}

// Trigger the data to load asynchronously once the page has loaded.


https://storage.googleapis.com/tfjs-examples/multivariate-linear-regression/data/train-data.csv
https://storage.googleapis.com/tfjs-examples/multivariate-linear-regression/data/train-data.csv
https://storage.googleapis.com/tfjs-examples/multivariate-linear-regression/data/train-data.csv
https://storage.googleapis.com/tfjs-examples/multivariate-linear-regression/data/train-target.csv
www.papaparse.com
https://storage.googleapis.com/tfjs-examples/multivariate-linear-regression/data/test-data.csv
https://storage.googleapis.com/tfjs-examples/multivariate-linear-regression/data/test-target.csv
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let tensors;

document .addEventListener ('DOMContentLoaded', async () => {
await bostonData.loadData() ;
arraysToTensors () ;

}, false);

Precisely defining the Boston-housing problem

Now that we have access to our data in the form we want it, it is a good time to clarify
our task more precisely. We said we would like to predict the MEDV from the other
fields, but how will we decide if we’re doing a good job? How can we distinguish a
good model from an even better one?

The metric we used in our first example, meanAbsoluteError, counts all mistakes
equally. If there were only 10 samples, and we made predictions for all 10, and we
were exactly correct on 9 of them but off by 30 on the 10th sample, the
meanAbsoluteError would be 3 (because 30/10 is 3). If, instead, our predictions were
off by 3 on each and every sample, the meanAbsoluteError would still be 3. This
“equality of mistakes” principle might seem like the only obviously correct choice, but
there are good reasons for picking loss metrics other than meanAbsoluteError.

Another option is to weight large errors more than small errors. We could, instead
of taking the average value of the absolute error, take the average value of the squared
error.

Continuing the case study with the 10 samples, this mean squared error (MSE)
approach sees a lower loss in being off by 3 on every example (10 x 3% = 90) than
being off by 30 on just one example (1 x 30? = 900). Because of the sensitivity to large
mistakes, squared error can be more sensitive to sample outliers than absolute error.
An optimizer fitting models to minimize MSE will prefer models that systematically
make small mistakes over models that occasionally give very bad estimates. Obviously,
both error measures would prefer models that make no mistakes at all! However, if
your application might be sensitive to very incorrect outliers, MSE could be a better
choice than MAE. There are other technical reasons why you might select MSE or
MAE, but they aren’t important at this moment. In this example, we will use MSE for
variety, but MAE would also suffice.

Before we continue, we should find a baseline estimate of the loss. If we don’t know
the error from a very simple estimate, then we are not equipped to evaluate it from a
more complicated model. We will use the average real-estate price as a stand-in for our
“best naive guess” and calculate what the error would be from always guessing that value.

Listing 2.8 Calculating baseline loss of guessing the mean price

export const computeBaseline = () => { Calculates the average price
const avgPrice = tf.mean (tensors.trainTarget) ;
console.log( Average price: S${avgPrice.dataSync()I[0]1}");
const baseline = Calculates the mean squared error

tf.mean (tf.pow(tf.sub( on the test data. The sub(), pow, and
tensors.testTarget, avgPrice), 2)); mean() calls are the steps of
calculating the mean squared error.
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console.log( Prints out the
"Baseline loss: ${baseline.dataSync()[0]}"); < value of the loss

i
Because TensorFlow.js optimizes its computation by scheduling on the GPU, tensors
might not always be accessible to the CPU. The calls to dataSync in listing 2.8 tell
TensorFlow.js to finish computing the tensor and pull the value from the GPU into the
CPU, so it can be printed out or otherwise shared with a non-TensorFlow operation.

When executed, the code in listing 2.8 yields the following at the console:
Average price: 22.768770217895508
Baseline loss: 85.58282470703125
This tells us that the naive error rate is approximately 85.58. If we were to build a
model that always output 22.77, this model would achieve an MSE of 85.58 on the test
data. Again, notice that we calculate the metric on the training data and evaluate it on
the test data to avoid unfair bias.

The average squared error is 85.58, so we should take the square root to get the aver-
age error. The square root of 85.58 is about 9.25. Thus, we can say that we expect our
(constant) estimate to be off (above or below) by about 9.25 on average. Since the val-
ues, as per table 2.1, are in thousands of US dollars, estimating a constant means we
will be off by about US$9,250. If this were good enough for our application, we could
stop here! The wise machine-learning practitioner knows when to avoid unnecessary
complexity. Let’s assume that our price estimator application needs to be closer than
this. We will proceed by fitting a linear model to our data to see if we can achieve a
better MSE than 85.58.

A slight diversion into data normalization

Looking at the Boston-housing features, we see a broad range of values. NOX ranges
between 0.4 and 0.9, while TAX goes from 180 to 711. To fit a linear regression, the
optimizer will be attempting to find a weight for each feature such that the sum of the
features times the weights will approximately equal the housing price. Recall that to
find these weights, the optimizer is hunting around, following a gradient in the weight
space. If some features are scaled very differently from others, then certain weights
will be much more sensitive than others. A very small move in one direction will
change the output more than a very large move in a different direction. This can
cause instability and makes it difficult to fit the model.

To counteract this, we will first normalize our data. This means that we will scale our
features so that they have zero mean and unit standard deviation. This type of normal-
ization is common and may also be referred to as standard transformation or z-score nor-
malization. The algorithm for doing this is simple—we first calculate the mean of each
feature and subtract it from the original value so that the feature has an average value
of zero. We then calculate the feature’s standard deviation with the mean value sub-
tracted and do a division by that. In pseudo-code,

normalizedFeature = (feature - mean(feature)) / std(feature)
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For instance, when the feature is [10, 20, 30, 40], the normalized version would be
approximately [-1.3, -0.4, 0.4, 1.3],which clearly has a mean of zero; by eye, the
standard deviation is about one. In the Boston-housing example, the normalization
code is factored out into a separate file, normalization.js, the contents of which are in
listing 2.9. Here, we see two functions, one to calculate the mean and standard devia-
tion from a provided rank-2 tensor and the other to normalize a tensor given the pro-
vided precalculated mean and standard deviation.

Listing 2.9 Data normalization: zero mean, unit standard deviation

* Calculates the mean and standard deviation of each column of an array.

* @param {Tensor2d} data Dataset from which to calculate the mean and
* std of each column independently.

* @returns {Object} Contains the mean and std of each vector
* column as 1d tensors.
*/
export function determineMeanAndStddev (data) {
const dataMean = data.mean(0);
const diffFromMean = data.sub(dataMean) ;
const squaredDiffFromMean = diffFromMean.square() ;
const variance = squaredDiffFromMean.mean (0) ;
const std = variance.sqrt();
return {mean, std};

/**
* Given expected mean and standard deviation, normalizes a dataset by
subtracting the mean and dividing by the standard deviation.

*

@param {Tensor2d} data: Data to normalize.

Shape: [numSamples, numFeatures].
* @param {Tensorld} mean: Expected mean of the data. Shape [numFeatures].
@param {Tensorld} std: Expected std of the data. Shape [numFeatures]

*

@returns {Tensor2d}: Tensor the same shape as data, but each column
* normalized to have zero mean and unit standard deviation.
*/

export function normalizeTensor (data, dataMean, dataStd) {
return data.sub(dataMean) .div (datastd) ;

}

Let’s dig into these functions a little. The function determineMeanAndStddev takes as
input data, which is a rank-2 tensor. By convention, the first dimension is the samples
dimension: each index corresponds to an independent, unique sample. The second
dimension is the feature dimension: its 12 elements corresponds to the 12 input fea-
tures (like CRIM, ZN, INDUS, and so on). Since we want to calculate the mean of
each feature independently, we call

const dataMean = data.mean(0);
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The 0 in this call means that the mean is to be taken over the Oth-index (first) dimen-
sion. Recall that data is a rank-2 tensor and thus has two dimensions (or axes). The
first axis, the “batch” axis, is the sample dimension. As we move from the first to the
second to the third element along that axis, we refer to different samples, or, in our
case, different pieces of real estate. The second dimension is the feature dimension.
As we move from the first to the second element in this dimension, we are referring to
different features, such as CRIM, ZN, and INDUS, from table 2.1. When we take the
mean along axis 0, we are taking the average over the sample direction. The result is a
rank-1 tensor with only the features axis remaining. We have the mean of each fea-
ture. If, instead, we took the mean over axis 1, we would still get a rank-1 tensor, but
the remaining axis would be the sample dimension. The values would correspond to
the mean value of each piece of real estate, which wouldn’t make sense for our appli-
cation. Be careful when working with your axes that you are making your calculations
in the right direction, as this is a common source of errors.

Sure enough, if we set a breakpoint® here, we can use the JavaScript console to
explore the calculated mean values, and we see mean values pretty close to what we cal-
culated for the entire dataset. This means that our training sample was representative:
> dataMean.shape
[12]
> dataMean.print () ;

[3.3603415, 10.6891899, 11.2934837, 0.0600601, 0.5571442, 6.2656188,

68.2264328, 3.7099338, 9.6336336, 409.2792969, 18.4480476, 12.5154343]
In the next line, we subtract (using tf.sub) the mean from our data to obtain a cen-
tered version of the data:

const diffFromMean = data.sub(dataMean) ;

If you weren’t paying 100% attention, this line might have hidden a delightful little
piece of magic. You see, data is a rank-2 tensor with shape [333, 12], while dataMean
is a rank-1 tensor with shape [12]. In general, it is not possible to subtract two tensors
with different shapes. However, in this case, TensorFlow uses broadcasting to expand
the shape of the second tensor by, in effect, repeating it 333 times, doing exactly what
the user intended without making them spell it out. This usability win comes in handy,
but sometimes the rules for which shapes are compatible for broadcasting can be a lit-
tle confusing. If you are interested in the details of broadcasting, dive right into info
box 2.4.

The next few lines of the determineMeanAndStddev function hold no new surprises:
tf.square () multiplies each element by itself, while tf.sqrt () takes the square root
of the elements. The detailed API for each method is documented at the TensorFlow.js

% The instructions for setting a breakpoint in Chrome are here: http://mng.bz/rPQJ. If you need instructions
for breakpoints in Firefox, Edge, or another browser, you may simply search for “how to set a breakpoint”
using your favorite search engine.
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Figure 2.12 The TensorFlow.js APl documentation at js.tensorflow.org allows you to explore and
interact with the TensorFlow API right within the documentation. This makes it simple and fast to
understand functional uses and tricky edge cases.

API reference, https://js.tensorflow.org/api/latest/. The documentation page also has
live, editable widgets that allow you to explore how the functions work with your own
parameter values, as illustrated in figure 2.12.

In this example, we’ve written our code prioritizing the clarity of the exposition,
but the determineMeanAndStddev function can be expressed much more concisely:

const std = data.sub(data.mean(0)) .square() .mean().sqgrt();

You should be able to see that TensorFlow allows us to express quite a lot of numerical
computation without much boilerplate code.

INFO BOX 2.4 Broadcasting

Consider a tensor operation like C = tf.someOperation(A, B), where A and B are
tensors. When possible, and if there’s no ambiguity, the smaller tensor will be broad-
cast to match the shape of the larger tensor. Broadcasting consists of two steps:

1 Axes (called broadcast axes) are added to the smaller tensor to match the
rank of the larger tensor.

2 The smaller tensor is repeated alongside these new axes to match the full
shape of the larger tensor.


js.tensorflow.org
https://js.tensorflow.org/api/latest/
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(continued)

In terms of implementation, no new tensor is actually created because that would be
terribly inefficient. The repetition operation is entirely virtual—it happens at the algo-
rithmic level rather than the memory level. But thinking of the smaller tensor being
repeated along the new axis is a helpful mental model.

With broadcasting, you can generally apply two-tensor, element-wise operations if one
tensor has shape (a, b, .., n, n + 1, .. m) and the other has shape (n, n + 1,

., m). The broadcasting will then automatically happen for axis a throughn - 1. For
instance, the following example applies the element-wise maximum operation on two
random tensors of different shapes via broadcasting:

x is a random tensor with
x = tf.randomUniform([64, 3, 11, 9]); 4—‘ shape [64, 3, 11, 9].

tf.randomUniform([11, 91); <——— yisarandom tensor with shape [11, 9].
z = tf.maximum(x, y); <— The output z has shape [64, 3, 11, 9] like x.

Linear regression on the Boston-housing data

Our data is normalized, and we have done the due diligence data work to calculate a
reasonable baseline—the next step is to build and fit a model to see if we can outper-
form the baseline. In listing 2.10, we define a linear-regression model like we did in
section 2.1 (from index.js). The code is remarkably similar; the only difference we see
from the download-time prediction model is in the inputShape configuration, which
now accepts vectors of length 12 instead of 1. The single dense layer still has units: 1,
indicating that a single number is the output.

Listing 2.10 Defining a linear-regression model for Boston-housing

export const linearRegressionModel = () => {

const model = tf.sequentiall();

model.add (tf.layers.dense (

{inputShape: [bostonData.numFeatures], units: 1}));

return model;
}i
Recall that after our model is defined, but before we begin training, we must specify
the loss and optimizer via a call to model.compile. In listing 2.11, we see that the
'meanSquaredError' loss is specified and that the optimizer is using a customized
learning rate. In our previous example, the optimizer parameter was set to the string
'sgd', but nowitis tf.train.sgd(LEARNING_RATE). This factory function will return
an object representing the stochastic gradient descent optimization algorithm, but
parameterized with our custom learning rate. This is a common pattern in Tensor-
Flow.js, borrowed from Keras, and you will see it adopted for many configurable
options. For standard, well-known default parameters, a string sentinel value can
substitute for the required object type, and TensorFlow.js will substitute the string for
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the required object with good default parameters. In this case, 'sgd' would be
replaced with tf.train.sgd(0.01). When additional customizations are necessary,
the user can build the object via the factory function and provide the required custom
value. This allows code to be concise in most cases but allows the power user to over-
ride default behaviors when needed.

Listing 2.11 Model compilation for Boston-housing (from index.js)

const LEARNING_RATE = 0.01;

model.compile ({
optimizer: tf.train.sgd(LEARNING_RATE),
loss: 'meanSquaredError'}) ;

Now we can train our model with the training dataset. In listings 2.12 through 2.14,
we’ll use some additional features of the model.fit () call, but essentially it’s doing
the same thing as in figure 2.6. At each step, it selects a number of new samples from
the features (tensors.trainFeatures) and targets (tensors.trainTarget), calcu-
lates the loss, and then updates the internal weights to reduce that loss. The process
will repeat for NUM_EPOCHS complete passes through the training data and will select
BATCH_SIZE samples at each step.

Listing 2.12 Training our model on the Boston-housing data

await model.fit(tensors.trainFeatures, tensors.trainTarget, {
batchSize: BATCH_SIZE
epochs: NUM_EPOCHS,

)i

In the Boston-housing web app, we illustrate a graph of the training loss as the model
trains. This requires using the model.fit () callback feature to update the Ul The
model. fit () callback API allows the user to provide callback functions, which will be
executed at specific events. The complete list of callback triggers, as of version 0.12.0,
iIs onTrainBegin, onTrainEnd, onEpochBegin, onEpochEnd, onBatchBegin, and
onBatchEnd.

Listing 2.13 Callbacks in model.fit ()

let trainLoss;
await model.fit (tensors.trainFeatures, tensors.trainTarget, {
batchSize: BATCH_SIZE,
epochs: NUM_EPOCHS,
callbacks: {
onEpochEnd: async (epoch, logs) => {
await ui.updateStatus (
“Epoch ${epoch + 1} of ${NUM_EPOCHS} completed.);
trainLoss = logs.loss;
await ui.plotData(epoch, trainLoss);

1)
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One last new customization introduced here is to make use of validation data. Valida-
tion is a machine-learning concept worth a bit of explanation. In the earlier download-
ing-time example, we separated our training data from our testing data because we
wanted an unbiased estimate of how our model will perform on new, unseen data. Typi-
cally what happens, though, is that there is another split called validation data. Validation
data is separate from both the training data and the testing data. What is validation data
used for? The machine-learning engineer will see the result on the validation data and
use that result to change certain configurations of the model” in order to improve the
accuracy on the validation data. This is all well and good. However, if this cycle is done
enough times, then we are in effect tuning on the validation data. If we use the same val-
idation data to evaluate the model’s final accuracy, the result of the final evaluation will
no longer be generalizable, in the sense that the model has already seen the data, and
the result of the evaluation isn’t guaranteed to reflect how the model will perform on
unseen data in the future. This is the purpose of separating validation out from testing
data. The idea is that we will fit our model on the training data and adjust its hyper-
parameters based on assessments on the validation data. When we are all done and satis-
fied with the process, we will evaluate the model just one time on the testing data for a
final, generalizable estimate of performance.

Let’s summarize what the training, validation, and testing sets are and how to use
them in TensorFlow.js. Not all projects will make use of all three types of data. Fre-
quently, quick explorations or research projects will use only training and validation
data and not reserve a set of “pure” data for the test. While less rigorous, this is some-
times the best use of limited resources:

Training data—For fitting the model weights with gradient descent

— Usage in TensorFlow.js: Typically, training data is employed using the main
arguments (x and y) for calls to Model.fit (x, y, config).

Validation data—For selecting the model structure and hyperparameters

— Usage in TensorFlow.js: Model.fit () has two ways of specifying validation data,
both as parameters to the config argument. If you, the user, have explicit
data to use for validation, this may be specified as config.validationData. If,
instead, you wish the framework to split some of the training data off and use
it as validation data, specify the fraction to use in config.validationSplit.
The framework will take care to not use the validation data to train the model,
so there is no overlap.

Testing data—For a final, unbiased estimate of model performance

— Usage in TensorFlow.js: Evaluation data is exposed to the system by passing it in
as the x and y arguments to Model.evaluate(x, y, config).

7 Examples of those configurations include the number of layers in the model, the sizes of the layers, the type

of optimizer and learning rate to use during training, and so forth. They are referred to as the model’s hyper-
parameters, which we will cover in greater detail in section 3.1.2 of the next chapter.
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In listing 2.14, validation loss is calculated along with training loss. The validation-
Split: 0.2 field instructs the model.fit () machinery to select the last 20% of the
training data to use as validation data. This data will not be used for training (it does
not affect gradient descent).

Listing 2.14 Including validation data in model. fit ()

let trainLoss;
let valloss;
await model.fit (tensors.trainFeatures, tensors.trainTarget, {
batchSize: BATCH_SIZE,
epochs: NUM_EPOCHS,
validationSplit: 0.2,
callbacks: {
onEpochEnd: async (epoch, logs) => {
await ui.updateStatus (
“Epoch ${epoch + 1} of ${NUM_EPOCHS} completed.’);
trainLoss = logs.loss;
valLoss = logs.val_loss;
await ui.plotData(epoch, trainLoss, valLoss);

)i

Training this model to 200 epochs takes approximately 11 seconds in the browser on a
modern laptop. We can now evaluate the model on our test set to see if it’s any better
than the baseline. The next listing shows how to use model.evaluate () to collect the
performance of the model on our reserved test data and then call into our custom UI
routines to update the view.

Listing 2.15 Evaluating our model on the test data and updating the Ul (from index.js)

await ui.updateStatus('Running on test data...');
const result = model.evaluate(
tensors.testFeatures, tensors.testTarget, {batchSize: BATCH_SIZE}) ;
const testLoss = result.dataSync() [0];
await ui.updateStatus (
“Final train-set loss: ${trainLoss.toFixed(4)}\n  +
‘Final validation-set loss: S${valLoss.toFixed(4)}\n" +
"Test-set loss: ${testLoss.toFixed(4)}");

Here, model.evaluate () returns a scalar (recall, a rank-0 tensor) containing the loss
computed over the test set.

Because of the randomness involved in gradient descent, you might get different
results, but the following results are typical:

= Final train-set loss: 21.9864

= Final validation-set loss: 31.1396
= Test-set loss: 25.3206

= Baseline loss: 85.58
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We see from this that our final, unbiased estimate of our error is about 25.3, which is
much better than our naive baseline of 85.6. Recall that our error is being calculated
using meanSquaredError. Taking the square root, we see that the baseline estimate was
typically off by more than 9.2, while the linear model is off by only about 5.0. Quite a
large improvement! If we were the only ones in the world with access to this info, we
could be the best Boston real-estate investors in 1978! Unless, somehow, someone
were able to build an even more accurate estimate . . .

If you have let your curiosity get ahead of you and clicked Train Neural Network
Regressor, you already know that much better estimates are possible. In the next chap-
ter, we will introduce nonlinear deep models to show how such feats are possible.

How to interpret your model

Now that we’ve trained our model, and it’s able to make reasonable predictions, it’s
natural to wonder what it has learned. Is there any way to peek inside the model to see
how it understands the data? When the model predicts a specific price for an input, is
it possible for you to find an understandable explanation for why it comes up with that
value? For the general case of large deep networks, model understanding—also
known as model interpretability—is still an area of active research, filling many post-
ers and talks at academic conferences. But for this simple linear-regression model, it is
quite simple.
By the end of this section, you will

Be able to extract the learned weights from a model.

Be able to interpret those weights and weigh them against your intuitions for

what the weights should be.

Extracting meaning from learned weights

The simple linear model we built in section 2.3 contains 13 learned parameters, con-
tained in a kernel and a bias, just like our first linear model in section 2.1.3:

output = kernel - features + bias

The values of the kernel and bias are both learned while fitting the model. In contrast
to the scalarlinear function learned in section 2.1.3, here, the features and the kernel

@ »

are both vectors, and the sign indicates the inner product, a generalization of scalar
multiplication to vectors. The inner product, also known as the dot product, is simply
the sum of the products of the matching elements. The pseudo-code in listing 2.16
defines the inner product more precisely.

We should take from this that there is a relationship between the elements of the
features and the elements of the kernel. For each individual feature element, such as
“Crime rate” and “Nitric oxide concentration,” as listed in table 2.1, there is an associ-
ated learned number in the kernel. Each value tells us something about what the

model has learned about this feature and how the feature influences the output.
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Listing 2.16 Inner product pseudo-code

function innerProduct(a, b) {
output = 0;
for (let 1 = 0 ; 1 < a.length ; i++) {
output += al[i] * b[i];
}
return output;

}

For instance, if the model learns that kernel[i] is positive, it means that the output
will be larger if the feature[i] value is larger. Vice versa, if the model learns that
kernel[j] is negative, then a larger value of feature[j] reduces the predicted out-
put. A learned value that is very small in magnitude indicates that the model believes
the associated feature has little impact on the prediction, whereas a learned value with
a large magnitude indicates that the model places a heavy emphasis on the feature,
and small changes in the feature value will have a comparatively large impact on the
prediction.?

To make this concrete, the top five feature values, by absolute value, are printed in
figure 2.13 for one run in the output area of the Boston-housing example. Subse-
quent runs may learn different values due to the randomness of the initialization. We
can see that the values are negative for features we would expect to reflect negatively
on the price of real estate, such as the rate at which local residents drop out of school
and the distance of the real estate to desirable working locations. Learned weights are
positive for features we would expect to correlate directly with the price, such as the
number of rooms in the property.

School drop-out rate -3.8119

Figure 2.13 Ranked by absolute value, these
are the top five weights learned in one run of the
Number of rooms per house 2.8451 linear model on the Boston-housing prediction
problem. Note the negative values for features

that you would expect to reflect negatively on
Nitric oxide concentration —2.1190 | the price of housing.

Distance to commute -3.7278

Distance to highway 2.2949

Extracting internal weights from the model

The modular structure of the learned model makes it easy to extract the relevant
weights; we can access them directly, but there are a few API levels that need to be
reached through in order to get the raw values. It’s important to keep in mind that,
since the value may be on the GPU, and interdevice communication is costly, request-
ing such values is asynchronous. The boldface code in listing 2.17 is an addition to the

8 Note that comparing magnitudes in this way is only possible if the features have been normalized, as we have
done for the Boston-housing dataset.
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model.fit callbacks, extending listing 2.14 to illustrate the learned weights after each
epoch. We will walk through the API calls step-by-step.

Given the model, we first wish to access the correct layer. This is easy because there
is only one layer in this model, so we can get a handle to it at model.layers[0]. Now
that we have the layer, we can access the internal weights with getWeights (), which
returns an array of the weights. For the case of a dense layer, this will always contain
two weights, the kernel and the bias, in that order. Thus, we can access the correct ten-
sor at

> model.layers[0] .getWeights () [0]

Now that we have the right tensor, we can access its contents with a call to its data ()
method. Due to the asynchronous nature of GPU <> CPU communication, data () is
asynchronous and returns a promise of the tensor’s value, not the actual value. In list-
ing 2.17, a callback passed to the then () method of the promise binds the tensor val-
ues to a variable called kernelAsArr. If the console.log() statement is uncom-
mented, statements like the following, listing the values of the kernel, are logged to
the console once per each epoch:

> Float32Array(12) [-0.44015952944755554, 0.8829045295715332,
0.11802537739276886, 0.9555914402008057, -1.6466193199157715,
3.386948347091675, -0.36070501804351807, -3.0381457805633545,
1.4347705841064453, -1.3844640254974365, -1.4223048686981201,
-3.795234441757202]

Listing 2.17 Accessing internal model values

let trainLoss;
let valLoss;
await model.fit (tensors.trainFeatures, tensors.trainTarget, {
batchSize: BATCH_SIZE,
epochs: NUM_EPOCHS,
validationSplit: 0.2,
callbacks: {
onEpochEnd: async (epoch, logs) => {
await uil.updateStatus (
‘Epoch ${epoch + 1} of ${NUM_EPOCHS} completed.);
trainLoss = logs.loss;
valLoss = logs.val_loss;
await ui.plotData(epoch, trainLoss, valLoss);
model.layers[0] .getWeights () [0] .data() .then(kernelAsArr => {
// console.log(kernelAsArr);
const weightsList = describeKerenelElements (kernelAsArr);
ui.updateWeightDescription(weightsList);
1)
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Caveats on interpretability

The weights in figure 2.13 tell a story. As a human reader, you might look at this and
say that the model has learned that the “Number of rooms per house” feature posi-
tively correlates with the price output or that the real-estate AGE feature, which is not
listed due to its lower absolute magnitude, is of lower importance than those first five
features. Because of the way our minds like to tell stories, it is common to take this too
far and imagine these numbers say more than the evidence supports. For instance,
one way that this sort of analysis can fail is if two input features are strongly correlated.

Consider a hypothetical example in which the same feature is included twice, per-
haps by accident. Call them FEAT1 and FEAT2. Imagine the weights learned for the
two features are 10 and -5. You might be inclined to say that increasing FEAT1 leads
to larger outputs, while FEAT2 does the opposite. However, since the features are
equivalent, the model would output the exact same values if the weights were
reversed.

Another caveat to be aware of is the difference between correlation and causality.
Imagine a simple model in which we wish to predict how hard it is raining outside
from how wet our roof is. If we had a measure of roof wetness, we could probably
make a prediction of how much rain there had been in the past hour. We could not,
however, splash water on the sensor to make it rain!

Exercises

The hard-coded time estimation problem in section 2.1 was selected because the
data is roughly linear. Other datasets will have different loss surfaces and dynam-
ics during fitting. You may want to try substituting your own data here to explore
how the model reacts. You may need to play with the learning rate, initialization,
or normalization to get the model to converge to something interesting.

In section 2.3.5, we spent some time describing why normalization is important
and how to normalize the input data to have zero mean and unit variance. You
should be able to modify the example to remove the normalization and see that
the model no longer trains. You should also be able to modify the normaliza-
tion routine to have, for example, a mean of something other than 0 or a stan-
dard deviation that is lower, but not as low. Some normalizations will work, and
some will lead to a model that never converges.

It is well known that some features of the Boston Housing Prices dataset are
more predictive of the target than others. Some of the features are merely noise
in the sense that they don’t carry useful information for predicting housing
prices. If we were to remove all but one feature, which feature should we keep?
What if we were to keep two features: how can we select which ones? Play with
the code in the Boston-housing example to explore this.

Describe how gradient descent allows for the optimization of a model by updat-
ing weights in a better-than-random way.
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The Boston-housing example prints out the top five weights by absolute magni-
tude. Try modifying the code to print out the features associated with small
weights. Can you imagine why those weights are small? If someone were to ask
you why those weights were what they were, what could you tell them? What
sorts of cautions would you tell that person about how to interpret the values?

Summary

It is simple to build, train, and evaluate a simple machine-learning model in five
lines of JavaScript using TensorFlow.js.

Gradient descent, the basic algorithm structure behind deep learning, is con-
ceptually simple and really just means repeatedly updating model parameters
in small steps in the calculated direction that would most improve the model fit.
A model’s loss surface illustrates how well the model fits for a grid of parame-
ter values. The loss surface is not generally calculable because of the high-
dimensionality of the parameter space, but it’s illustrative to think about and
gives intuition to how machine learning works.

A single dense layer is sufficient to solve some simple problems and can achieve
reasonable performance on a real-estate pricing problem.



Adding nonlineartiy:
Beyond weighted sums

This chapter covers

What nonlinearity is and how nonlinearity in hidden layers of
a neural network enhances the network’s capacity and
leads to better prediction accuracies

What hyperparameters are and methods for tuning them

Binary classification through nonlinearity at the output layer,
introduced with the phishing-website-detection example
Multiclass classification and how it differs from binary
classification, introduced with the iris-flower example

In this chapter, you’ll build on the groundwork laid in chapter 2 to allow your neu-
ral networks to learn more complicated mappings, from features to labels. The pri-
mary enhancement we will introduce is nonlinearity—a mapping between input and
output that isn’t a simple weighted sum of the input’s elements. Nonlinearity
enhances the representational power of neural networks and, when used correctly,
improves the prediction accuracy in many problems. We will illustrate this
point by continuing to use the Boston-housing dataset. In addition, this chapter
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will introduce a deeper look at over- and underfitting to help you train models that not
only perform well on the training data but also achieve good accuracy on data that the
models haven’t seen during training, which is what ultimately counts in terms of mod-
els’ quality.

Nonlinearity: What it is and what it is good for

Let’s pick up where we left off with the Boston-housing example from the last chapter.
Using a single dense layer, you saw trained models leading to MSEs corresponding to
misestimates of roughly US$5,000. Can we do better? The answer is yes. To make a bet-
ter model for the Boston-housing data, we add one more dense layer to it, as shown by
the following code listing (from index.js of the Boston-housing example).

Listing 3.1 Defining a two-layer neural network for the Boston-housing problem

export function multilLayerPerceptronRegressionModellHidden () {
const model = tf.sequential();

model.add (tf.layers.dense ({ Specifies how the kernel values should
inputShape: [bostonData.numFeatures], be initialized; see section 3.1.2 for a
units: 50, discussion of how this is chosen
activation: 'sigmoid', through hyperparameter optimization.
kernelInitializer: 'leCunNormal' <

1))

model.add(tf.layers.dense({units: 1})); 4 Adds a hidden layer

model . summary () ; Prints a text summary of

) return model; the model’s topology

To see this model in action, first run the yarn && yarn watch command as men-
tioned in chapter 2. Once the web page is open, click the Train Neural Network
Regressor (1 Hidden Layer) button in the Ul in order to start the model’s training.

The model is a two-layer network. The first layer is a dense layer with 50 units. It is
also configured to have custom activation and a kernel initializer, which we will discuss
in section 3.1.2. This layer is a hidden layer because its output is not directly seen from
outside the model. The second layer is a dense layer with the default activation (the
linear activation) and is structurally the same layer we used in the pure linear model
from chapter 2. This layer is an output layer because its output is the model’s final out-
put and is what’s returned by the model’s predict () method. You may have noticed
that the function name in the code refers to the model as a multilayer perceptron (MLP).
This is an oft-used term that describes neural networks that 1) have a simple topology
without loops (what’s referred to as feedforward neural networks) and 2) have at least one
hidden layer. All the models you will see in this chapter meet this definition.

The model . summary () call in listing 3.1 is new. It is a diagnostic/reporting tool that
prints the topology of TensorFlow.js models to the console (either in the browser’s
developer tool or to the standard output in Node.js). Here’s what the two-layer model
generated:
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Layer (type) Output shape Param #
dense_Densel (Dense) [null,50] 650
dense_Dense2 (Dense) [null, 1] 51

Total params: 701
Trainable params: 701
Non-trainable params: 0

The key information in the summary includes

The names and types of the layers (first column).

The output shape for each layer (second column). These shapes almost always
contain a null dimension as the first (batch) dimension, representing undeter-
mined and variable batch size.

The number of weight parameters for each layer (third column). This is a
count of all the individual numbers that make up the layer’s weights. For layers
with more than one weight, this is a sum across all the weights. For instance, the
first dense layer in this example contains two weights: a kernel of shape [12,
50] and a bias of shape [50], leading to 12 * 50 + 50 = 650 parameters.

The total number of the model’s weight parameters (at the bottom of the sum-
mary), followed by a breakdown of how many of the parameters are trainable
and how many are nontrainable. The models we’ve seen so far contain only
trainable parameters, which belong to the model weights that are updated
when tf.Model.fit() is called. We will discuss nontrainable weights when we
talk about transfer learning and model fine-tuning in chapter 5.

The model.summary () output of the purely linear model from chapter 2 is as follows.
Compared with the linear model, our two-layer model contains about 54 times as
many weight parameters. Most of the additional weights come from the added hidden

layer:
Layer (type) Output shape Param #
dense_Dense3 (Dense) [null, 1] 13

Total params: 13
Trainable params: 13
Non-trainable params: 0

Because the two-layer model contains more layers and weight parameters, its training
and inference consumes more computation resources and time. Is this added cost
worth the gain in accuracy? When we train this model for 200 epochs, we end up with
final MSEs on the test set that fall into the range of 14-15 (variability due to random-
ness of initialization), as compared to a test-set loss of approximately 25 from the lin-
ear model. Our new model ends up with a misestimate of US$3,700-$3,900 versus the
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approximately $5,000 misestimates we saw with the purely linear attempts. This is a
significant improvement.

Building the intuition for nonlinearity in neural networks

Why does the accuracy improve? The key is the model’s enhanced complexity, as fig-
ure 3.1 shows. First, there is an additional layer of neurons, which is the hidden layer.
Second, the hidden layer contains a nonlinear activation function (as specified by
activation: 'sigmoid' in the code), which is represented by the square boxes in
panel B of figure 3.1. An activation function' is an elementby-element transform. The
sigmoid function is a “squashing” nonlinearity, in the sense that it “squashes” all real
values from —infinity to +infinity into a much smaller range (0 to +1, in this case). Its
mathematical equation and plot are shown in figure 3.2. Let’s take the hidden dense
layer as an example. Suppose the result of the matrix multiplication and addition with
the bias is a 2D tensor consisting of the following array of random values:

([(1.01, [0.5], .., [0.0]],

The final output of the dense layer is then obtained by calling the sigmoid (S) func-
tion on each of the 50 elements individually, giving

[fs(1.0)1, [s(0.5)1, .., [s(0.0)]1] = [[0.731], [0.622], .., [0.0]]

Why is this function called nonlinear? Intuitively, the plot of the activation function is
not a straight line. For example, sigmoid is a curve (figure 3.2, left panel), and relu is
a concatenation of two line segments (figure 3.2, right panel). Even though sigmoid
and relu are nonlinear, one of their properties is that they are smooth and differentia-
ble at every point, which makes it possible to perform backpropagation® through
them. Without this property, it wouldn’t be possible to train a model with layers that
contain this activation.

Apart from the sigmoid function, a few other types of differentiable nonlinear
functions are used frequently in deep learning. These include relu and hyperbolic
tangent (or tanh). We will describe them in detail when we encounter them in subse-
quent examples.

! The term activation function originated from the study of biological neurons, which communicate with each
other through action potentials (voltage spikes on their cell membranes). A typical biological neuron receives
inputs from a number of upstream neurons via contact points called synapses. The upstream neurons fire
action potentials at different rates, which leads to the release of neurotransmitters and opening or closing of
ion channels at the synapses. This in turn leads to variation in the voltage on the recipient neuron’s mem-
brane. This is not unlike the kind of weighted sum seen for a unit in the dense layer. Only when the potential
exceeds a certain threshold will the recipient neuron actually produce action potentials (that is, be “acti-
vated”) and thereby affect the state of downstream neurons. In this sense, the activation function of a typical
biological neuron is somewhat similar to the relu function (figure 3.2, right panel), which consists of a “dead
zone” below a certain threshold of the input and increases linearly with the input above the threshold (at least
up to a certain saturation level, which is not captured by the relu function).

? See section 2.2.2 if you need a refresher on backpropagation.
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B. Two-layer neural
network with
A. Linear-regression nonlinear internal
model activation

Figure 3.1 The linear-regression model (panel A) and two-layer neural
network (panel B) created for the Boston-housing dataset. For the sake of
clarity, we reduced the number of input features from 12 to 3 and the
number of the hidden layer’s units from 50 to 5 in panel B. Each model has
only a single output unit because the models solve a univariate (one-target-
number) regression problem. Panel B illustrates the nonlinear (sigmoid)
activation of the model’s hidden layer.

sigmoid(x) relu(x)
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Figure 3.2 Two frequently used nonlinear activation functions for deep neural networks. Left: the sigmoid
function S(x) = 1 / (1 + e *» -x).Right: the rectified linear unit (relu) function relu(x) = {0:x <
0, x:x >= 0}
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NONLINEARITY AND MODEL CAPACITY

Why does nonlinearity improve the accuracy of our model? Nonlinear functions allow
us to represent a more diverse family of input-output relations. Many relations in the
real world are approximately linear, such as the download-time problem we saw in the
last chapter. But many others are not. Itis easy to conceive examples of nonlinear rela-
tions. Consider the relation between a person’s height and their age. Height varies
roughly linearly with age only up to a certain point, where it bends and plateaus. As
another totally reasonable scenario, house prices can vary in a negative fashion with
the neighborhood crime rate only if the crime rate is within a certain range. A purely
linear model, like the one we developed in the last chapter, cannot accurately model
this type of relation, while sigmoid nonlinearity is much better suited to model this
relation. Of course, the crime-rate-house-price relation is more like an inverted
(decreasing) sigmoid function than the original, increasing one in the left panel of
figure 3.2. But our neural network has no issue modeling this relation because the sig-
moid activation is preceded and followed by linear functions with tunable weights.

But by replacing the linear activation with a nonlinear one like sigmoid, do we lose
the ability to learn any linear relations that might be present in the data? Luckily, the
answer is no. This is because part of the sigmoid function (the part close to the cen-
ter) is fairly close to being a straight line. Other frequently used nonlinear activations,
such as tanh and relu, also contain linear or close-to-linear parts. If the relations
between certain elements of the input and those of the output are approximately lin-
ear, it is entirely possible for a dense layer with a nonlinear activation to learn the
proper weights and biases to utilize the near-linear parts of the activation function.
Hence, adding nonlinear activation to a dense layer leads to a net gain in the breadth
of input-output relations it can learn.

Furthermore, nonlinear functions are different from linear ones in that cascading
nonlinear functions lead to richer sets of nonlinear functions. Here, cascading refers
to passing the output of one function as the input to another. Suppose there are two
linear functions,

f(x) = kI * x + bl

and

g(x) = k2 * x + b2

Cascading the two functions amounts to defining a new function h:

h(x) = g(f(x)) = k2 * (k1 * x + bl) + b2 = (k2 * k1) * x + (k2 * bl + b2)

As you can see, h is still a linear function. It just has a different kernel (slope) and a
different bias (intercept) from those of £1 and £2. The slope is now (k2 * k1), and
the bias is now (k2 * bl + b2). Cascading any number of linear functions always
results in a linear function.

However, consider a frequently used nonlinear activation function: relu. In the bot-
tom part of figure 3.3, we illustrate what happens when you cascade two relu functions
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with linear scaling. By cascading two scaled relu functions, we get a function that
doesn’t look like relu at all. It has a new shape (something of a downward slope
flanked by two flat sections in this case). Further cascading the step function with
other relu functions will give an even more diverse set of functions, such as a “window”
function, a function consisting of multiple windows, functions with windows stacked
on top of wider windows, and so on (not shown in figure 3.3). There is a remarkably
rich range of function shapes that you can create by cascading nonlinearities such as
relu (one of the most commonly used activation functions). But what does this have to
do with neural networks? In essence, neural networks are cascaded functions. Each
layer of a neural network can be viewed as a function, and the stacking of layers
amounts to cascading these functions to form a more complex function that is
the neural network itself. This should make it clear why including nonlinear
activation functions increases the range of input-output relations the model is capable
of learning. This also gives you an intuitive understanding behind the oft-used trick of
“adding more layers to a deep neural network” and why it often (but not always!)
leads to models that can fit the dataset better.

Cascading linear functions

f(x) =2+ x g(x)=1-x h(x) =g(f(x)) =1-2*x

Cascading relu functions

f(x) = relu(2 * x) g(x) =relu(1 —x) h(x) = g(f(x)) = relu(1 — relu(2 * x))

A

v
v
v

11 — 1}_}

Figure 3.3 Cascading linear functions (top) and nonlinear functions (bottom). Cascading linear
functions always leads to linear functions, albeit with new slopes and intercepts. Cascading nonlinear
functions (such as relu in this example) leads to nonlinear functions with novel shapes, such as the
“downward step” function in this example. This exemplifies why nonlinear activations and the
cascading of them in neural networks leads to enhanced representational power (that is, capacity).
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The range of input-output relations a machine-learning model is capable of learning
is often referred to as the model’s capacity. From the prior discussion about nonlin-
earity, we can see that a neural network with hidden layers and nonlinear activation
functions has a greater capacity compared to a linear regressor. This explains why
our two-layer network achieves a superior test-set accuracy compared to the linear-
regression model.

You might ask, since cascading nonlinear activation functions leads to greater capac-
ity (as in the bottom part of figure 3.3), can we get a better model for the Boston-
housing problem by adding more hidden layers to the neural network? The multi-
LayerPerceptronRegressionModel2Hidden () function in index.js, which is wired to the
button titled Train Neural Network Regressor (2 Hidden Layers), does exactly that. See
the following code excerpt (from index.js of the Boston-housing example).

Listing 3.2 Defining a three-layer neural network for the Boston-housing problem

export function multilLayerPerceptronRegressionModel2Hidden () {
const model = tf.sequential();
model.add (tf.layers.dense ({

inputShape: [bostonData.numFeatures], Adds the first

units: 50, s the firs

activation: 'sigmoid', Mddenlayer
kernelInitializer: 'leCunNormal'

)i

model.add (tf.layers.dense ({
units: 50, ) ) Adds another
activation: 'sigmoid', Mddenlayer
kernelInitializer: 'leCunNormal'

1))

model.add (tf.layers.dense ({units: 1}));

model . summary () ; <
return model;

Y

Prints a text summary of
the model’s topology

In the summary () printout (not shown), you can see that the model contains three lay-
ers—that is, one more than the model in listing 3.1. It also has a significantly larger
number of parameters: 3,251 as compared to 701 in the two-layer model. The extra
2,550 weight parameters are due to the inclusion of the second hidden layer, which
consists of a kernel of shape [50, 50] and a bias of shape [50].

Repeating the model training a number of times, we can get a sense of the range of
the final test-set (that is, evaluation) MSE of the three-layer networks: roughly 10.8-
13.4. This corresponds to a misestimate of $3,280-$3,660, which beats that of the two-
layer network ($3,700-$3,900). So, we have again improved the prediction accuracy of
our model by adding nonlinear hidden layers and thereby enhancing its capacity.

AVOIDING THE FALLACY OF STACKING LAYERS WITHOUT NONLINEARITY

Another way to see the importance of the nonlinear activation for the improved
Boston-housing model is to remove it from the model. Listing 3.3 is the same as listing
3.1, except that the line that specifies the sigmoid activation function is commented
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out. Removing the custom activation causes the layer to have the default linear activa-
tion. Other aspects of the model, including the number of layers and weight parame-
ters, don’t change.

Listing 3.3 A two-layer neural network without nonlinear activation

export function multilLayerPerceptronRegressionModellHidden () {
const model = tf.sequentiall();
model.add(tf.layers.dense ({
inputShape: [bostonData.numFeatures],
units: 50,

// activation: 'sigmoid', <— Disables the nonlinear activation function
kernelInitializer: 'leCunNormal'

1))
model.add(tf.layers.dense({units: 1}));

model . summary () ;

return model;
i
How does this change affect the model’s learning? As you can find out by clicking the
Train Neural Network Regressor (1 Hidden Layer) button again in the UI, the MSE
on the test goes up to about 25, as compared with the 14-15 range when the sigmoid
activation was included. In other words, the two-layer model without the sigmoid acti-
vation performs about the same as the one-layer linear regressor!

This confirms our reasoning about cascading linear functions. By removing the
nonlinear activation from the first layer, we end up with a model that is a cascade of
two linear functions. As we have demonstrated before, the result is another linear
function without any increase in the model’s capacity. Thus, it is no surprise that we
end up with about the same accuracy as the linear model. This brings up a common
“gotcha” in building multilayer neural networks: be sure to include nonlinear activations
in the hidden layers. Failing to do so results in wasted computation resources and time,
with potential increases in numerical instability (observe the wigglier loss curves in
panel B of figure 3.4). Later, we will see that this applies not only to dense but also to
other layer types, such as convolutional layers.

NONLINEARITY AND MODEL INTERPRETABILITY

In chapter 2, we showed that once a linear model was trained on the Boston-housing
dataset, we could examine its weights and interpret its individual parameters in a rea-
sonably meaningful way. For example, the weight that corresponds to the “average num-
ber of rooms per dwelling” feature had a positive value, and the weight that corresponds
to the “crime rate” feature had a negative value. The signs of such weights reflect the
expected positive or negative relation between house price and the respective features.
Their magnitudes also hint at the relative importance assigned to the various features by
the model. Given what you just learned in this chapter, a natural question is: with a non-
linear model containing one or more hidden layers, is it still possible to come up with
an understandable and intuitive interpretation of its weight values?
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Final train-set loss: 27.7744
Final validation-set loss: 45.7087

Test-set loss: 26.0527

Baseline loss (meanSquaredError) is 85.58

Figure 3.4 Comparing the training results with (panel A) and without (panel B) the sigmoid activation. Notice
that removing the sigmoid activation leads to higher final loss values on the training, validation, and evaluation
sets (a level comparable to the purely linear model from before) and to less smooth loss curves. Note that the

y-axis scales are different between the two plots.

The API for accessing weight values is exactly the same between a nonlinear model
and a linear model: you just use the getWeights () method on the model object or its
constituent layer objects. Take the MLP in listing 3.1, for example—you can insert the

following line after the model training is done (right after the model. fit () call):

model.layers[0] .getWeights () [0] .print () ;

This line prints the value of the kernel of the first layer (that is, the hidden layer). This
is one of the four weight tensors in the model, the other three being the hidden

layer’s bias and the output layer’s kernel and bias. One thing to notice about the print-
out is that it has a larger size than the kernel we saw when printing the kernel of the

linear model:

Tensor
[[-0.5701274, -0.1643915,
[-0.4400523, -0.0081632,
[0.6294659 , 0.1240944 ,
[0.9084488 , 0.0130388 ,
[0.431214 , -0.5040522,
[-0.9726604, -0.173905 ,
[-0.2426955, 0.3274118 ,
[-1.6335299, -1.1270424,
[-0.1577617, 0.4981289 ,
[-0.5824679, -0.1883982,
[-0.6993552, -0.1317919,
[0.0448515 , -0.6925298,

-0.0009151,
-0.2673715,
-0.2472516,
-0.3142847,
0.1784604 ,
0.8167523 ,
-0.3496988,
0.618491 ,
-0.1368523,
-0.4883655,
-0.4666585,
0.4945385 ,

.

.

.

.

.

.

.

.

0.313205 , -0.32532461,
0.1735748 , 0.0864024 7,
0.2181769 , 0.1706504 1,
0.4063887 , 0.2205501 1,
0.3022115 , -0.19971447,
-0.0406454, -0.43479561,
0.5623314 , 0.2339328 1,
-0.0868887, -0.41492157,
0.3636355 , -0.078448717,
0.0026836 , -0.05492987,
0.2831602 , -0.2487895],
-0.3133179, -0.02416811]
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This is because the hidden layer consists of 50 units, which leads to a weight size of
[18, 50]. This kernel has 900 individual weight parameters, as compared to the 12 +
1 = 13 parameters in the linear model’s kernel. Can we assign a meaning to each of
the individual weight parameters? In general, the answer is no. This is because there is
no easily identifiable meaning to any of the 50 outputs from the hidden layer. These
are the dimensions of high-dimensional space created so that the model can learn
(automatically discover) nonlinear relations in it. The human mind is not very good at
keeping track of nonlinear relations in such high-dimensional spaces. In general, it is
very difficult to write down a few sentences in layman’s terms to describe what each of
the hidden layer’s units does or to explain how it contributes to the final prediction of
the deep neural network.

Also, realize that the model here has only one hidden layer. The relations become
even more obscure and harder to describe when there are multiple hidden layers
stacked on top of each other (as is the case in the model defined in listing 3.2). Even
though there are research efforts to find better ways to interpret the meaning of deep
neural networks’ hidden layers,g and progress is being made for some classes of mod-
els, it is fair to say that deep neural networks are harder to interpret compared to
shallow neural networks and certain types of nonneural network machine-learning
models (such as decision trees). By choosing a deep model over a shallow one, we are
essentially trading some interpretability for greater model capacity.

Hyperparameters and hyperparameter optimization

Our discussion of the hidden layers in listings 3.1 and 3.2 has been focusing on the
nonlinear activation (sigmoid). However, other configuration parameters for this
layer are also important for ensuring a good training result from this model. These
include the number of units (50) and the kernel’s 'leCunNormal' initialization. The
latter is a special way to generate the random numbers that go into the kernel’s initial
value based on the size of the input. It is distinct from the default kernel initializer
('glorotNormal'), which uses the sizes of both the input and output. Natural ques-
tions to ask are: Why use this particular custom kernel initializer instead of the default
one? Why use 50 units (instead of, say, 30)? These choices are made to ensure a best-
possible or close-to-best-possible good model quality through trying out various com-
binations of parameters repeatedly.

Parameters such as number of units, kernel initializers, and activation are hyper-
parameters of the model. The name “hyperparameters” signifies the fact that these
parameters are distinct from the model’s weight parameters, which are updated auto-
matically through backpropagation during training (that is, Model.fit () calls). Once

3 Marco Tulio Ribeiro, Sameer Singh, and Carlos Guestrin, “Local Interpretable Model-Agnostic Explanations
(LIME): An Introduction,” O’Reilly, 12 Aug. 2016, http://mng.bz/j5vP.

* Chris Olah et al., “The Building Blocks of Interpretability,” Distill, 6 Mar. 2018, https://distill.pub/2018/
building-blocks/.
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the hyperparameters have been selected for a model, they do not change during the
training process. They often determine the number and size of the weight parameters
(for instance, consider the units field for a dense layer), the initial values of the
weight parameters (consider the kernelInitializer field), and how they are
updated during training (consider the optimizer field passed to Model.compile()).
Therefore, they are on a level higher than the weight parameters. Hence the name
“hyperparameter.”

Apart from the sizes of the layers and the type of weight initializers, there are many
other types of hyperparameters for a model and its training, such as

The number of dense layers in a model, like the ones in listings 3.1 and 3.2
What type of initializer to use for the kernel of a dense layer

Whether to use any weight regularization (see section 8.1) and, if so, the regu-
larization factor

Whether to include any dropout layers (see section 4.3.2, for example) and, if
so, the dropout rate

The type of optimizer used for training (such as 'sgd' versus 'adam'; see info
box 3.1)

How many epochs to train the model for

The learning rate of the optimizer

Whether the learning rate of the optimizer should be decreased gradually as
training progresses and, if so, at what rate

The batch size for training

The last five examples listed are somewhat special in that they are not related to the
architecture of the model per se; instead, they are configurations of the model’s train-
ing process. Nonetheless, they affect the outcome of the training and hence are
treated as hyperparameters. For models consisting of more diverse types of layers
(such as convolutional and recurrent layers, discussed in chapters 4, 5, and 9), there
are even more potentially tunable hyperparameters. Therefore, it is clear why even a
simple deep-learning model may have dozens of tunable hyperparameters.

The process of selecting good hyperparameter values is referred to as hyperparame-
ter optimization or hyperparameter tuning. The goal of hyperparameter optimization is to
find a set of parameters that leads to the lowest validation loss after training. Unfortu-
nately, there is currently no definitive algorithm that can determine the best hyper-
parameters given a dataset and the machine-learning task involved. The difficulty lies
in the fact that many of the hyperparameters are discrete, so the validation loss value
is not differentiable with respect to them. For example, the number of units in a
dense layer and the number of dense layers in a model are integers; the type of opti-
mizer is a categorical parameter. Even for the hyperparameters that are continuous
and against which the validation loss is differentiable (for example, regularization
factors), it is usually too computationally expensive to keep track of the gradients
with respect to those hyperparameters during training, so it is not really feasible to
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perform gradient descent in the space of such hyperparameters. Hyperparameter
optimization remains an active area of research, one which deep-learning practi-
tioners should pay attention to.

Given the lack of a standard, out-of-the-box methodology or tool for hyperparameter
optimization, deep-learning practitioners often use the following three approaches.
First, if the problem at hand is similar to a well-studied problem (say, any of the exam-
ples you can find in this book), you can start with applying a similar model on your
problem and “inherit” the hyperparameters. Later, you can search in a relatively small
hyperparameter space around that starting point.

Second, practitioners with sufficient experience might have intuition and educated
guesses about what may be reasonably good hyperparameters for a given problem.
Even such subjective choices are almost never optimal—they form good starting
points and can facilitate subsequent fine-tuning.

Third, for cases in which there are only a small number of hyperparameters to opti-
mize (for example, fewer than four), we can use grid search—that is, exhaustively iter-
ating over a number of hyperparameter combinations, training a model to
completion for each of them, recording the validation loss, and taking the hyper-
parameter combination that yields the lowest validation loss. For example, suppose
the only two hyperparameters to tune are 1) the number of units in a dense layer and
2) the learning rate; you might select a set of units ({10, 20, 50, 100, 200}) and a
set of learning rates ({le-5, le-4, le-3, le-2}) and perform a cross of the two sets,
which leads to a total of 5 * 4 = 20 hyperparameter combinations to search over. If
you were to implement the grid search yourself, the pseudo-code might look some-
thing like the following listing.

Listing 3.4 Pseudo-code for a simple hyperparameter grid search

function hyperparameterGridSearch() :
for units of [10, 20, 50, 100, 200]:
for learningRate of [le-5, le-4, le-3, le-2]:
Create a model using whose dense layer consists of ‘units’ units
Train the model with an optimizer with 'learningRate’
Calculate final validation loss as validationLoss
if validationLoss < minValidationLoss

minvValidationLoss := validationLoss
bestUnits := units
bestLearningRate := learningRate

return [bestUnits, bestLearningRate]

How are the ranges of these hyperparameters selected? Well, there is another place
deep learning cannot provide a formal answer. These ranges are usually based on the
experience and intuition of the deep-learning practitioner. They may also be con-
strained by computation resources. For example, a dense layer with too many units
may cause the model to be too slow to train or to run during inference.

Oftentimes, there are a larger number of hyperparameters to optimize over, to the
extent that it becomes computationally too expensive to search over the exponentially
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increasing number of hyperparameter combinations. In such cases, you should use
more sophisticated methods than grid search, such as random search® and Bayesian®
methods.

Nonlinearity at output: Models for classification

The two examples we’ve seen so far have both been regression tasks in which we try to
predict a numeric value (such as the download time or the average house price). How-
ever, another common task in machine learning is classification. Some classification
tasks are binary classification, wherein the target is the answer to a yes/no question. The
tech world is full of this type of problem, including

Whether a given email is or isn’t spam

Whether a given credit-card transaction is legitimate or fraudulent

Whether a given one-second-long audio sample contains a specific spoken word
Whether two fingerprint images match each other (come from the same per-
son’s same finger)

Another type of classification problem is a multiclass-classification task, for which exam-
ples also abound:

Whether a news article is about sports, weather, gaming, politics, or other gen-
eral topics

Whether a picture is a cat, dog, shovel, and so on

Given stroke data from an electronic stylus, determining what a handwritten
character is

In the scenario of using machine learning to play a simple Atari-like video
game, determining in which of the four possible directions (up, down, left, and
right) the game character should go next, given the current state of the game

What is binary classification?

We’ll start with a simple case of binary classification. Given some data, we want a
yes/no decision. For our motivating example, we’ll talk about the Phishing Website
dataset.” The task is, given a collection of features about a web page and its URL, pre-
dicting whether the web page is used for phishing (masquerading as another site with
the aim to steal users’ sensitive information).

The dataset contains 30 features, all of which are binary (represented as the values —
1 and 1) or ternary (represented as —1, 0, and 1). Rather than listing all the individual

® James Bergstra and Yoshua Bengio, “Random Search for Hyper-Parameter Optimization,” Journal of Machine
Learning Research, vol. 13, 2012, pp. 281-305, http://mng.bz/WOg1.

5 Will Koehrsen, “A Conceptual Explanation of Bayesian Hyperparameter Optimization for Machine Learning,
Towards Data Science, 24 June 2018, http://mng.bz/8zQw.

7 Rami M. Mohammad, Fadi Thabtah, and Lee McCluskey, “Phishing Websites Features,” http://mng.bz/

E1KO.
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features like we did for the Boston-housing dataset, here we present a few representa-
tive features:

= HAVING_IP_ADDRESS—Whether an IP address is used as an alternative to a
domain name (binary value: {-1, 1})

= SHORTENING_SERVICE—Whether it is using a URL shortening service or not
(binary value: {1, -1})

= SSLFINAL_STATE—Whether 1) the URL uses HTTPS and the issuer is trusted,
2) it uses HTTPS but the issuer is not trusted, or 3) no HTTPS is used (ternary
value: {-1, 0, 1})

The dataset consists of approximately 5,500 training examples and an equal number
of test examples. In the training set, approximately 45% of the examples are positive
(truly phishing web pages). The percentage of positive examples is about the same in
the test set.

This is just about the easiest type of dataset to work with—the features in the data
are already in a consistent range, so there is no need to normalize their means and
standard deviations as we did for the Boston-housing dataset. Additionally, we have a
large number of training examples relative to both the number of features and the
number of possible predictions (two—yes or no). Taken as a whole, this is a good san-
ity check that it’s a dataset we can work with. If we wanted to spend more time investi-
gating our data, we might do pairwise feature-correlation checks to know if we have
redundant information; however, this is something our model can tolerate.

Since our data looks similar to what we used (post-normalization) for Boston-
housing, our starting model is based on the same structure. The example code for
this problem is available in the website-phishing folder of the tfjs-examples repo. You
can check out and run the example as follows:
git clone https://github.com/tensorflow/tfjs-examples.git

cd tfjs-examples/website-phishing
yvarn && yarn watch

Listing 3.5 Defining a binary-classification model for phishing detection (from index.js)

const model = tf.sequentiall();
model.add (tf.layers.dense ({

inputShape: [data.numFeatures],

units: 100,

activation: 'sigmoid'
1))
model.add (tf.layers.dense({units: 100, activation: 'sigmoid'}));
model.add(tf.layers.dense ({units: 1, activation: 'sigmoid'}));
model.compile ({

optimizer: 'adam',
loss: 'binaryCrossentropy',
metrics: ['accuracy']

1)

This model has a lot of similarities to the multilayer network we built for the Boston-
housing problem. It starts with two hidden layers, and both of them use the sigmoid
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activation. The last (output) has exactly 1 unit, which means the model outputs a sin-
gle number for each input example. However, a key difference here is that the last
layer of our model for phishing detection has a sigmoid activation instead of the
default linear activation as in the model for Boston-housing. This means that our
model is constrained to output numbers between only 0 and 1, which is unlike the
Boston-housing model, which might output any float number.

Previously, we have seen sigmoid activations for hidden layers help increase model
capacity. But why do we use sigmoid activation at the output of this new model? This
has to do with the binary-classification nature of the problem we have at hand. For
binary classification, we generally want the model to produce a guess of the probabil-
ity for the positive class—that is, how likely it is that the model “thinks” a given exam-
ple belongs to the positive class. As you may recall from high school math, a
probability is always a number between 0 and 1. By having the model always output an
estimated probability value, we get two benefits:

It captures the degree of support for the assigned classification. A sigmoid value
of 0.5 indicates complete uncertainty, wherein either classification is equally
supported. A value of 0.6 indicates that while the system predicts the positive
classification, it’s only weakly supported. A value of 0.99 means the model is
quite certain that the example belongs to the positive class, and so forth.
Hence, we make it easy and straightforward to convert the model’s output into
a final answer (for instance, just threshold the output at a given value, say 0.5).
Now imagine how hard it would be to find such a threshold if the range of the
model’s output may vary widely.

We also make it easier to come up with a differentiable loss function, which,
given the model’s output and the true binary target labels, produces a number
that is a measure of how much the model missed the mark. For the latter point,
we will elaborate more when we examine the actual binary cross entropy used
by this model.

However, the question is how to force the output of the neural network into the range
of [0, 1]. The last layer of a neural network, which is often a dense layer, performs
matrix multiplication (matMul) and bias addition (biasAdd) operations with its input.
There are no intrinsic constraints in either the matMul or the biasAdd operation that
guarantee a [0, 1] range in the result. Adding a squashing nonlinearity like sigmoid
to the result of matMul and biasAdd is a natural way to achieve the [0, 1] range.
Another aspect of the code in listing 3.5 that’s new to you is the type of optimizer:
‘adam', which is different from the 'sgd' optimizer used in previous examples. How
is adam different from sgd? As you may recall from section 2.2.2 in the last chapter, the
sgd optimizer always multiplies the gradients obtained through backpropagation with
a fixed number (its learning rate times —1) in order to calculate the updates to the
model’s weights. This approach has some drawbacks, including slow convergence
toward the loss minimum when a small learning rate is chosen and “zigzag” paths
in the weight space when the shape of the loss (hyper)surface has certain special



Nonlinearity at output: Models for classification 95

properties. The adam optimizer aims at addressing these shortcomings of sgd by using
a multiplication factor that varies with the history of the gradients (from earlier train-
ing iterations) in a smart way. Moreover, it uses different multiplication factors for dif-
ferent model weight parameters. As a result, adam usually leads to better convergence
and less dependence on the choice of learning rate compared to sgd over a range of
deep-learning model types; hence it is a popular choice of optimizer. The Tensor-
Flow.js library provides a number of other optimizer types, some of which are also
popular (such as rmsprop). The table in info box 3.1 gives a brief overview of them.

INFo Box 3.1 Optimizers supported by TensorFlow.js

The following table summarizes the APIs of the most frequently used types of opti-
mizers in TensorFlow.js, along with a simple, intuitive explanation for each of them.

Commonly used optimizers and their APls in TensorFlow.js

API (string) API (function) Description
Stochastic 'sgd’ tf.train.sgd The simplest optimizer, always
gradient using the learning rate as the
descent (SGD) multiplier for gradients
Momentum 'momentum' tf.train.momentum Accumulates past gradients in a

way such that the update to a
weight parameter gets faster
when past gradients for the
parameter line up more in the
same direction and gets slower
when they change a lot in direc-
tion

RMSProp 'rmsprop’ tf.train.rmsprop Scales the multiplication factor
differently for different weight
parameters of the model by keep-
ing track of a recent history of
each weight gradient’s root-mean-
square (RMS) value; hence its
name

AdaDelta 'adadelta’ tf.train.adadelta Scales the learning rate for each
individual weight parameter in a
way similar to RMSProp

ADAM 'adam' tf.train.adam Can be understood as a combina-
tion of the adaptive learning rate
approach of AdaDelta and the
momentum method

AdaMax 'adamax’ tf.train.adamax Similar to ADAM, but keeps track
of the magnitudes of gradients
using a slightly different algorithm
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(continued)

An obvious question is which optimizer you should use given the machine-learning
problem and model you are working on. Unfortunately, there is no consensus in the
field of deep learning yet (which is why TensorFlow.js provides all the optimizers listed
in the previous table!). In practice, you should start with the popular ones, including
adam and rmsprop. Given sufficient time and computation resources, you can also
treat the optimizer as a hyperparameter and find the choice that gives you the best
training result through hyperparameter tuning (see section 3.1.2).

Measuring the quality of binary classifiers: Precision, recall,
accuracy, and ROC curves

In a binary-classification problem, we emit one of two values—0/1, yes/no, and so on.
In a more abstract sense, we’ll talk about the positives and negatives. When our net-
work makes a guess, it is either right or wrong, so we have four possible scenarios for
the actual label of the input example and the output of the network, as table 3.1
shows.

Table 3.1 The four types of classification results in a binary classification problem

Prediction
Positive Negative
Positive True positive (TP) False negative (FN)
Negative False positive (FP) True negative (TN)

The true positives (TPs) and true negatives (IT'Ns) are where the model predicted the
correct answer; the false positives (FPs) and false negatives (FNs) are where the model
got it wrong. If we fill in the four cells with counts, we get a confusion matrix; table 3.2
shows a hypothetical one for our phishing-detection problem.

Table 3.2 The confusion matrix from a hypothetical binary classification problem

Prediction
Positive Negative
Positive 4 2
Negative 1 93

In our hypothetical results from our phishing examples, we see that we correctly iden-
tified four phishing web pages, missed two, and had one false alarm. Let’s now look at
the different common metrics for expressing this performance.
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Accuracy is the simplest metric. It quantifies what percentage of the examples are
classified correctly:

Accuracy = (#TP + #TN) / #examples = (#TP + #TN) / (#TP + #TN + #FP + #FN)
In our particular example,
Accuracy = (4 + 93) / 100 = 97%

Accuracy is an easy-to-communicate and easy-to-understand concept. However, it can
be misleading—often in a binary-classification task, we don’t have equal distributions
of positive and negative examples. We’re often in a situation where there are consider-
ably fewer positive examples than there are negative ones (for example, most links
aren’t phishing, most parts aren’t defective, and so on). If only 5 in 100 links are
phishing, our network could always predict false and get 95% accuracy! Put that way,
accuracy seems like a very bad measure for our system. High accuracy always sounds
good but is often misleading. It’s a good thing to monitor but would be a very bad
thing to use as a loss function.

The next pair of metrics attempts to capture the subtlety missing in accuracy—preci-
sion and recall. In the discussion that follows, we’re also typically thinking about prob-
lems in which a positive implies further action is required—a link is highlighted, a
post is flagged for manual review—while a negative indicates the status quo. These
metrics focus on the different types of “wrong” that our prediction could be.

Precision is the ratio of positive predictions made by the model that are actually
positive:

precision = #TP / (#TP + #FP)
With our numbers from the confusion matrix, we’d calculate
precision = 4 / (4 + 1) = 80%

Like accuracy, it is usually possible to game precision. You can make your model very
conservative in emitting positive predictions, for example, by labeling only the input
examples with very high sigmoid output (say >0.95, instead of the default >0.5) as pos-
itive. This will usually cause the precision to go up, but doing so will likely cause the
model to miss many actual positive examples (labeling them as negative). The last cost
is captured by the metric that often goes with and complements precision, namely
recall.

Recall is the ratio of actual positive examples that are classified by the model as
positive:

recall = #TP / (#TP + #FN)
With the example data, we get a result of
recall = 4 / (4 + 2) = 66.7%

Of all the positives in the sample set, how many did the model find? It will normally be
a conscious decision to accept a higher false alarm rate to lower the chance of missing
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something. To game this metric, you’d simply declare all examples as positives;
because false positives don’t enter into the equation, you can score 100% recall at the
cost of decreased precision.

As we can see, it’s fairly easy to craft a system that scores very well on accuracy,
recall, or precision. In real-world binary-classification problems, it’s often difficult to
get both good precision and recall at the same time. (If it were easy to do so, you’d
have a simple problem and probably wouldn’t need to use machine learning in the
first place.) Precision and recall are about tuning the model in the tricky places where
there is a fundamental uncertainty about what the correct answer should be. You’ll see
more nuanced and combined metrics, such as Precision at X% Recall, X being some-
thing like 90%—what is the precision if we’re tuned to find at least X% of the posi-
tives? For example, in figure 3.5, we see that after 400 epochs of training, our
phishing-detection model is able to achieve a precision of 96.8% and a recall of 92.9%
when the model’s probability output is thresholded at 0.5.

As we have briefly alluded to, an important realization is that the threshold applied
on the sigmoid output to pick out positive predictions doesn’t have to be exactly 0.5.
In fact, depending on the circumstances, it might be better to set it to a value above
0.5 (but below 1) or to one below 0.5 (but above 0). Lowering the threshold makes

TensorFlow.js: Classifying website URLs as phishy or normal
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Final train-set loss: 0.0493 accuracy: 0.9801
Final validation-set loss: 0.1402 accuracy: 0.9521
Test-set loss: 0.1317 accuracy: 0.9555
Precision: 0.9675
Recall: 0.9289
False positive rate (FPR): 0.0240
Area under the curve (AUC): 0.981150715602107

Figure 3.5 An example result from a round of training the model for phishing web page detection. Pay attention
to the various metrics at the bottom: precision, recall, and FPR. The area under the curve (AUC) is discussed in
section 3.2.3.
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the model more liberal in labeling inputs as positive, which leads to higher recall but
likely lower precision. On the other hand, raising the threshold causes the model to
be more cautious in labeling inputs as positive, which usually leads to higher precision
but likely lower recall. So, we can see that there is a trade-off between precision and
recall, and this trade-off is hard to quantify with any one of the metrics we’ve talked
about so far. Luckily, the rich history of research into binary classification has given us
better ways to quantify and visualize this trade-off relation. The ROC curve that we will
discuss next is a frequently used tool of this sort.

The ROC curve: Showing trade-offs in binary classification

ROC curves are used in a wide range of engineering problems that involve binary clas-
sification or the detection of certain types of events. The full name, receiver operating
characteristic, is a term from the early age of radar. Nowadays, you’ll almost never see
the expanded name. Figure 3.6 is a sample ROC curve for our application.

As you may have noticed in the axis labels in figure 3.6, ROC curves are not exactly
made by plotting the precision and recall metrics against each other. Instead, they are
based on two slightly different metrics. The horizontal axis of an ROC curve is a false
positive rate (FPR), defined as

FPR = #FP / (#FP + #TN)

ROC curve
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Figure 3.6 A set of sample ROCs plotted during the training of the phishing-
detection model. Each curve is for a different epoch number. The curves show
gradual improvement in the quality of the binary-classification model as the
training progresses.
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The vertical axis of an ROC curve is the true positive rate (TPR), defined as
TPR = #TP / (#TP + #FN) = recall

TPR has exactly the same definition as recall; it is just a different name for the same
metric. However, FPR is something new. Its denominator is a count of all the cases in
which the actual class of the example is negative; its numerator is a count of all false
positive cases. In other words, FPR is the ratio of actually negative examples that are
erroneously classified as positive, which is the probability of something commonly
referred to as a false alarm. Table 3.3 summarizes the most common metrics you will
encounter in a binary-classification problem.

Table 3.3 Commonly seen metrics for a binary-classification problem

How it is used in ROCs or

Name of metric Definition precision/recall curves
Accuracy (#TP + #TN) / (#TP + (Not used by ROCs)
#TN + # FP + #FN)
Precision #TP / (#TP + #FP) The vertical axis of a precision/recall
curve
Recall/sensitivity/true #TP / (#TP + #FN) The vertical axis of an ROC curve (as in
positive rate (TPR) figure 3.6), or the horizontal axis of a pre-

cision/recall curve

False positive rate (FPR) #FP / (#FP + #TN) The horizontal axis of an ROC curve (see
figure 3.6)
Area under the curve (AUC) | Calculated through numerical (Not used by ROCs but is instead calcu-
integration under the ROC lated from ROCs)
curve; see listing 3.7 for an
example

The seven ROC curves in figure 3.6 are made at the beginning of seven different train-
ing epochs, from the first epoch (epoch 001) to the last (epoch 400). Each one of
them is created based on the model’s predictions on the test data (not the training
data). Listing 3.6 shows the details of how this is done with the onEpochBegin callback
of the Model. fit () API This approach allows you to perform interesting analysis and
visualization on the model in the midst of a training call without needing to write a
for loop or use multiple Model. fit () calls.

Listing 3.6 Using callback to render ROC curves in the middle of model training

await model.fit(trainData.data, trainData.target, {
batchSize,
epochs,
validationSplit: 0.2,
callbacks: {
onEpochBegin: async (epoch) => {
if ((epoch + 1)% 100 === 0 |
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epoch === 0 || epoch === 2 || epoch === 4) {

<+———— Draws ROC every few epochs
const probs = model.predict (testData.data) ;

drawROC (testData.target, probs, epoch);
}
},
onEpochEnd: async (epoch, logs) => {
await ui.updateStatus (
“Epoch S${epoch + 1} of ${epochs} completed.’);
trainLogs.push(logs) ;
ui.plotLosses (trainLogs) ;
ui.plotAccuracies (trainLogs) ;
}

)i

The body of the function drawR0OC () contains the details of how an ROC is made (see
listing 3.7). It does the following:

Varies the threshold on the sigmoid output (probabilities) of the neural net-
work to get different sets of classification results

For each classification result, uses it in conjunction with the actual labels (tar-
gets) to calculate the TPR and FPR

Plots the TPRs against the FPRs to form the ROC curve

As figure 3.6 shows, in the beginning of the training (epoch 001), as the model’s
weights are initialized randomly, the ROC curve is very close to a diagonal line con-
necting the point (0, 0) with the point (1, 1). This is what random guessing looks like.
As the training progresses, the ROC curves are pushed up more and more toward the
top-left corner—a place where the FPR is close to 0, and the TPR is close to 1. If we
focus on any given level of FPR, such as 0.1, we see a monotonic increase in the corre-
sponding TPR value as we move further along in the training. In plain words, this
means that as the training goes on, we can achieve a higher and higher level of recall
(TPR) if we are pinned to a fixed level of false alarm (FPR).

The “ideal” ROC is a curve bent so much toward the top-left corner that it becomes
a y® shape. In this scenario, you can get 100% TPR and 0% FPR, which is the “Holy
Grail” for any binary classifier. However, with real problems, we can only improve the
model to push the ROC curve ever closer to the top-left corner—the theoretical ideal
at the top-left can never be achieved.

Based on this discussion of the shape of the ROC curve and its implications, we can
see that it is possible to quantify how good an ROC curve is by looking at the area
under it—that is, how much of the space in the unit square is enclosed by the ROC
curve and the x-axis. This is called the area under the curve (AUC) and is computed by
the code in listing 3.7 as well. This metric is better than precision, recall, and accuracy
in the sense that it takes into account the trade-off between false positives and false

8 The Greek letter gamma.
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negatives. The ROC for random guessing (the diagonal line) has an AUC of 0.5, while
the y-shaped ideal ROC has an AUC of 1.0. Our phishing-detection model reaches an
AUC of 0.981 after training.

Listing 3.7 The code for calculating and rendering an ROC curve and the AUC

function drawROC (targets, probs, epoch) {
return tf.tidy(() => {
const thresholds = [

0.0, 0.05, 0.1, 0.15, 0.2, 0.25, 0.3, 0.35, 0.4, 0.45, 2e'|2::el:ialslz'tof
0.5, 0.55, 0.6, 0.65, 0.7, 0.75, 0.8, 0.85, o
0.9, 0.92, 0.94, 0.96, 0.98, 1.0 probability
] thresholds
const tprs = []; // True positive rates.
const fprs = []; // False positive rates.
let area = 0; falsePositiveRate()
for (let i = 0; i < thresholds.length; ++i) { calculates the false
const threshold = thresholds[i]; positive rate by
const threshPredictions = comparing the
Converts the utils.binarize(probs, threshold).aslD(); PrﬂﬁCﬁ°"53Ndacu@|
probability into const fpr = falsePositiveRate ( ‘ targets. It is defined in
predictions targets, the same file.
through threshPredictions) .arraySync () ; ‘
thresholding const tpr = tf.metrics.recall (targets, threshPredictions).arraySync();
fprs.push (fpr) ;
tprs.push(tpr) ;
if (1 > 0) {
area += (tprs[i] + tprs[i - 1]) * (fprs[i - 1] - fprs[i]) / 2;
}
}
ui.plotROC (fprs, tprs, epoch); Accumulates to area
return area; for AUC calculation

3
}
Apart from visualizing the characteristics of a binary classifier, the ROC also helps us
make sensible decisions about how to select the probability threshold in real-world sit-
uations. For example, imagine that we are a commercial company developing the
phishing detector as a service. Do we want to do one of the following?

= Make the threshold relatively low because missing a real phishing website will
cost us a lot in terms of liability or lost contracts.

= Make the threshold relatively high because we are more averse to the com-
plaints filed by users whose normal websites are blocked because the model
classifies them as phishy.

Each threshold value corresponds to a point on the ROC curve. When we increase the
threshold gradually from 0 to 1, we move from the top-right corner of the plot (where
FPR and TPR are both 1) to the bottom-left corner of the plot (where FPR and TPR
are both 0). In real engineering problems, the decision of which point to pick on the
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ROC curve is always based on weighing opposing real-life costs of this sort, and it may
vary for different clients and at different stages of business development.

Apart from the ROC curve, another commonly used visualization of binary classifi-
cation is the precision-recall curve (sometimes called a P/R curve, mentioned briefly in
table 3.3). Unlike the ROC curve, a precision-recall plots precision against recall.
Since precision-recall curves are conceptually similar to ROC curves, we won’t delve
into them here.

One thing worth pointing out in listing 3.7 is the use of tf.tidy (). This function
ensures that the tensors created within the anonymous function passed to it as argu-
ments are disposed of properly, so they won’t continue to occupy WebGL memory. In
the browser, TensorFlow.js can’t manage the memory of tensors created by the user,
primarily due to a lack of object finalization in JavaScript and a lack of garbage collec-
tion for the WebGL textures that underlie TensorFlow.js tensors. If such intermediate
tensors are not cleaned up properly, a WebGL memory leak will happen. If such mem-
ory leaks are allowed to continue long enough, they will eventually result in WebGL
out-of-memory errors. Section 1.3 of appendix B contains a detailed tutorial on mem-
ory management in TensorFlow.js. There are also exercises on this topic in section 1.5
of appendix B. If you plan to define custom functions by composing TensorFlow.js
functions, you should study these sections carefully.

Binary cross entropy: The loss function for binary classification

So far, we have talked about a few different metrics that quantify different aspects of
how well a binary classifier is performing, such as accuracy, precision, and recall (table
3.3). But we haven’t talked about an important metric, one that is differentiable and
can generate gradients that support the model’s gradient-descent training. This is the
binaryCrossentropy that we saw briefly in listing 3.5 and haven’t explained yet:
model.compile ({

optimizer: 'adam',

loss: 'binaryCrossentropy',

metrics: ['accuracy']
1)
First off, you might ask, why can’t we simply take accuracy, precision, recall, or perhaps
even AUC and use it as the loss function? After all, these metrics are understandable.
Also, in the regression problems we’ve seen previously, we used MSE, a fairly under-
standable metric, as the loss function for training directly. The answer is that none of
these binary classification metrics can produce the gradients we need for training.
Take the accuracy metric, for example: to see why it is not gradientfriendly, realize
the fact that calculating accuracy requires determining which of the model’s predic-
tions are positive and which are negative (see the first row in table 3.3). In order to do
that, it is necessary to apply a thresholding function, which converts the model’s sigmoid
output into binary predictions. Here is the crux of the problem: although the thresh-
olding function (or step function in more technical terms) is differentiable almost
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everywhere (“almost” because it is not differentiable at the “jumping point” at 0.5),
the derivative is always exactly zero (see figure 3.7)! What happens if you try to do
backpropagation through this thresholding function? Your gradients will end up
being all zeros because at some point, upstream gradient values need to be multiplied
with these all-zero derivatives from the step function. Put more simply, if accuracy (or
precision, recall, AUC, and so on) is chosen as the loss, the flat sections of the under-
lying step function make it impossible for the training procedure to know where to
move in the weight space to decrease the loss value.

Differentiable but gradient = 0
step(p)

Figure 3.7 The step function used
to convert the probability output of a
binary-classification model is
/_H differentiable almost everywhere.

' Unfortunately, the gradient
0 0.5 1 (derivative) at every differentiable
point is exactly zero.

v

Therefore, using accuracy as the loss function doesn’t allow us to calculate useful gra-
dients and hence prevents us from getting meaningful updates to the weights of the
model. The same limitation applies to metrics including precision, recall, FPR, and
AUC. While these metrics are useful for humans to understand the behavior of a
binary classifier, they are useless for these models’ training process.

The loss function that we use for a binary classification task is binary cross entropy,
which corresponds to the 'binaryCrossentropy' configuration in our phishing-
detection model code (listings 3.5 and 3.6). Algorithmically, we can define binary
cross entropy with the following pseudo-code.

Listing 3.8 The pseudo-code for the binary cross-entropy loss function®

function binaryCrossentropy (truthLabel, prob):
if truthLabel is 1:
return -log(prob)
else:
return -log(l - prob)

9 The actual code for binaryCrossentropy needs to guard against cases in which probor 1 - probis exactly
zero, which would lead to infinity if the value is passed directly to the log function. This is done by adding a
very small positive number (such as 1e-6, commonly referred to as “epsilon” or a “fudge factor”) to prob and
1 - prob before passing them to the log function.
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In this pseudo-code, truthLabel is a number that takes the 0-1 values and indicates
whether the input example has a negative (0) or positive (1) label in reality. prob is
the probability of the example belonging to the positive class, as predicted by the
model. Note that unlike truthLabel, prob is expected to be a real number that can
take any value between 0 and 1. log is the natural logarithm, with ¢ (2.718) as the
base, which you may recall from high school math. The body of the binaryCross-
entropy function contains an if-else logical branching, which performs different cal-
culations depending on whether truthLabel is 0 or 1. Figure 3.8 plots the two cases in
the same plot.

When looking at the plots in figure 3.8, remember that lower values are better
because this is a loss function. The important things to note about the loss function
are as follows:

If truthLabel is 1, a value of prob closer to 1.0 leads to a lower loss-function
value. This makes sense because when the example is actually positive, we want
the model to output a probability as close to 1.0 as possible. And vice versa: if
the truthLabel is 0, the loss value is lower when the probability value is closer
to 0. This also makes sense because in that case, we want the model to output a
probability as close to 0 as possible.

Unlike the binary-thresholding function shown in figure 3.7, these curves have
nonzero slopes at every point, leading to nonzero gradients. This is why it is
suitable for backpropagation-based model training.

14 . — =

= truthLabel = 1
— — — truthLabel = 0

12

e
o [e0) o
-_——— e e .

Binary cross entropy

IN

Prob

Figure 3.8 The binary cross-entropy loss function. The two cases
(truthLabel = 1 and truthLabel = 0) are plotted separately,
reflecting the if-else logical branching in listing 3.8.
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One question you might ask is, why not repeat what we did for the regression model—
just pretend that the 0-1 values are regression targets and use MSE as the loss func-
tion? After all, MSE is differentiable, and calculating the MSE between the truth label
and the probability would yield nonzero derivatives just like binaryCrossentropy.
The answer has to do with the fact that MSE has “diminishing returns” at the boundar-
ies. For example, in table 3.4, we list the binaryCrossentropy and MSE loss values for
a number of prob values when truthLabel is 1. As prob gets closer to 1 (the desired
value), the MSE decreases more and more slowly compared to binaryCrossentropy.
As aresult, it is not as good at “encouraging” the model to produce a higher (closer to
1) prob value when prob is already fairly close to 1 (for instance, 0.9). Likewise, when
truthLabel is 0, MSE is not as good as binaryCrossentropy in generating gradients
that push the model’s prob output toward 0 either.

This shows another aspect in which binary-classification problems are different
from regression problems: for a binary-classification problem, the loss (binaryCross-
entropy) and metrics (accuracy, precision, and so on) are different, while they are
usually the same for a regression problem (for example, meanSquaredError). As we
will see in the next section, multiclass-classification problems also involve different
loss functions and metrics.

Table 3.4 Comparing values of binary cross entropy and MSE for
hypothetical binary classification results

Binary cross

truthLabel entropy
1 0.1 2.302 0.81
1 0.5 0.693 0.25
1 0.9 0.100 0.01
1 0.99 0.010 0.0001
1 0.999 0.001 0.000001
1 1 0 0

Multiclass classification

In section 3.2, we explored how to structure a binary-classification problem; now we’ll do
a quick aside into how to handle nonbinary classification—that is, classification tasks involv-
ing three or more classes.'” The dataset we will use to illustrate multiclass classification is

10 It is important not to confuse multiclass classification with multilabel classification. In multilabel classification, an
individual input example may correspond to multiple output classes. An example is detecting the presence of var-
ious types of objects in an input image. One image may include only a person; another image may include a per-
son, a car, and an animal. A multilabel classifier is required to generate an output that represents all the classes
that are applicable to the input example, no matter whether there is one or more than one such class. This section
is not concerned with multilabel classification. Instead, we focus on the simpler single-label, multiclass classifica-
tion, in which every input example corresponds to exactly one output class among >2 possible classes.
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the iris-flower dataset, a famous dataset with its origin in the field of statistics (see
https://en.wikipedia.org/wiki/Iris_flower_data_set). This dataset focuses on three spe-
cies of the iris flower, called iris setosa, iris versicolor, and iris virginica. These three species
can be distinguished from one another on the basis of their shapes and sizes. In the early
20th century, Ronald Fisher, a British statistician, measured the length and width of the
petals and sepals (different parts of the flower) of 150 samples of iris. This dataset is bal-
anced: there are exactly 50 samples for each target label.

In this problem, our model takes as input four numeric features—petal length,
petal width, sepal length, and sepal width—and tries to predict a target label (one of
the three species). The example is available in the iris folder of tfjs-examples, which
you can check out and run with these commands:
git clone https://github.com/tensorflow/tfjs-examples.git

cd tfjs-examples/iris
varn && yarn watch

One-hot encoding of categorical data

Before studying the model that solves the iris-classification problem, we need to high-
light the way in which the categorical target (species) is represented in this multiclass-
classification task. All the machine-learning examples we’ve seen in this book so far
involve simpler representation of targets, such as the single number in the download-
time prediction problem and that in the Boston-housing problem, as well as the 0-1
representation of binary targets in the phishing-detection problem. However, in the
iris problem, the three species of flowers are represented in a slightly less familiar way
called one-hot encoding. Open data.js, and you will notice this line:

const ys = tf.oneHot(tf.tensorld(shuffledTargets) .toInt(), IRIS_NUM_CLASSES) ;

Here, shuffledTargets is a plain JavaScript array consisting of the integer labels for
the examples in a shuffled order. Its elements all have values 0, 1, and 2, reflecting the
three iris species in the dataset. It is converted into a int32-type 1D tensor through the
tf.tensorld(shuffledTargets).toInt () call. The resultant 1D tensor is then passed
into the tf.oneHot () function, which returns a 2D tensor of the shape [numExamples,
IRIS_NUM_CLASSES]. numExamples is the number of examples that targets contains,
and IRIS_NUM_CLASSES is simply the constant 3. You can examine the actual values of
targets and ys by adding some printing lines right below the previously cited line—
that is, something like

const ys = tf.oneHot(tf.tensorld(shuffledTargets).toInt(), IRIS_NUM_CLASSES) ;
// Added lines for printing the values of ‘targets'® and ‘ys' .
console.log('Value of targets:', targets);

yvs.print ();*

1 Unlike target, ys is not a plain JavaScript array. Instead, it is a tensor object backed by GPU memory. There-
fore, the regular console.log won’t show its value. The print () method is specifically for retrieving the values
from the GPU, formatting them in a shape-aware and human-friendly way, and logging them to the console.
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Once you have made these changes, the parcel bundler process that has been started
by the Yarn watch command in your terminal will automatically rebuild the web files.
Then you can open the devtool in the browser tab being used to watch this demo and
refresh the page. The printed messages from the console.log() and print() calls
will be logged into the console of the devtool. The printed messages you will see will
look something like this:

value of targets: (50) (O, O, O, O, O, O, O, O, O, O, O, O, O, O, O, O, O, O,
6, o, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, O, O, O, O, O, O, O, O, O, O, O, O,

Tensor
[fxr, o, 01,
[1, 0, 0],
[1, 0, 0],
[1, 0, 0],
[1, 0, 0],
[1, 0, 0]]

or

value of targets: (50) (1, 1, 1, 1, 1, 1, 1, 1, 1,1, 1, 1, 1, 1, 1, 1, 1, 1,
i 11,1, 1,1, 1,1, 1,1, 1,1, 1,1, 1, 1,1, 1,1, 1, 1, 1, 1, 1,
i, 1, 1,1, 1, 1, 1, 1]

Tensor
[{o, 1, 01,
[0, 1, 0],
[0, 1, 0],
[o, 1, 0],
[0, 1, 0],
[0, 1, 0]]

and so forth. To describe this in words, for an example with the integer label 0, you
getarow of values [1, 0, 0];foran example with integer label 1, you get a row of val-
ues [0, 1, 0], and so forth. This is a simple and clear example of one-hot encoding:
it turns an integer label into a vector consisting of all-zero values except at the index
that corresponds to the label, where the value is 1. The length of the vector equals the
number of all possible categories. The fact that there is a single 1 value in the vector is
precisely the reason why this encoding scheme is called “one-hot.”

This encoding may look unnecessarily complicated to you. Why use three numbers
to represent a category when a single number could do the job? Why do we choose
this over the simpler and more economical single-integer-index encoding? This can
be understood from two different angles.

First, it is much easier for a neural network to output a continuous, float-type value
than an integer one. Itis not elegant to apply rounding on float-type output, either. A
much more elegant and natural approach is for the last layer of the neural network to
output a few separate float-type numbers, each constrained to be in the [0, 1] inter-
val through a carefully chosen activation function similar to the sigmoid activation
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function we used for binary classification. In this approach, each number is the
model’s estimate of the probability of the input example belonging to the correspond-
ing class. This is exactly what one-hot encoding is for: it is the “correct answer” for the
probability scores, which the model should aim to fit through its training process.

Second, by encoding a category as an integer, we implicitly create an ordering
among the classes. For example, we may label ris setosa as 0, iris versicolor as 1, and iris
virginica as 2. But ordering schemes like this are often artificial and unjustified. For
example, this numbering scheme implies that sefosa is “closer” to versicolor than to virg-
inica, which may not be true. Neural networks operate on real numbers and are based
on mathematical operations such as multiplication and addition. Hence, they are sen-
sitive to the magnitude of numbers and their ordering. If the categories are encoded
as a single number, it becomes an extra, nonlinear relation that the neural network
must learn. By contrast, one-hot-encoded categories don’t involve any implied order-
ing and hence don’t tax the learning capability of a neural network in this fashion.

As we will see in chapter 9, one-hot encoding not only is used for output targets of
neural networks but also is applicable when categorical data form the inputs to neural
networks.

Softmax activation

With an understanding of how the input features and output target are represented,
we are now ready to look at the code that defines our model (from iris/index.js).

Listing 3.9 The multilayer neural network for iris-flower classification

const model = tf.sequential();
model.add (tf.layers.dense

{units: 10, activation: 'sigmoid', inputShape: [xTrain.shapel[l]l1}));
model.add (tf.layers.dense({units: 3, activation: 'softmax'}));
model . summary () ;

const optimizer = tf.train.adam(params.learningRate) ;
model.compile ({

optimizer: optimizer,

loss: 'categoricalCrossentropy',

metrics: ['accuracy'],
1)

The model defined in listing 3.9 leads to the following summary:

Layer (type) Output shape Param #
dense_Densel (Dense) [null,10] 50
dense_Dense2 (Dense) [null, 3] 33

Total params: 83
Trainable params: 83
Non-trainable params:
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As can be seen from the printed summary, this is a fairly simple model with a relatively
small (83) number of weight parameters. The output shape [null, 3] corresponds to
the one-hot encoding of the categorical target. The activation used for the last layer,
namely softmax, is designed specifically for the multiclass classification problem. The
mathematical definition of softmax can be written as the following pseudo-code:

softmax([x1l, x2, .., xn]) =
[exp(x1) / (exp(xl) + exp(x2) + .. + exp(xn)),
exp(x2) / (exp(xl) + exp(x2) + .. + exp(xn)),
exp(xn) / (exp(xl) + exp(x2) + .. + exp(xn))]

Unlike the sigmoid activation function we’ve seen, the softmax activation function is
not element-by-element because each element of the input vector is transformed in a
way that depends on all other elements. Specifically, each element of the input is con-
verted to its natural exponential (the exp function, with e = 2.718 as the base). Then
the exponential is divided by the sum of all elements’ exponentials. What does this
do? First, it ensures that every number is in the interval between 0 and 1. Second, it is
guaranteed that all the elements of the output vector sum to 1. This is a desirable
property because 1) the outputs can be interpreted as probability scores assigned to
the classes, and 2) in order to be compatible with the categorical cross-entropy loss
function, the outputs must satisfy this property. Third, the definition ensures that a
larger element in the input vector maps to a larger element in the output vector. To
give a concrete example, suppose the matrix multiplication and bias addition in the
last dense layer produces a vector of

[-3, 0, -8]

Its length is 3 because the dense layer is configured to have 3 units. Note that the ele-
ments are float numbers unconstrained to any particular range. The softmax activa-
tion will convert the vector into

[0.0474107, 0.9522698, 0.0003195]

You can verify this yourself by running the following TensorFlow.js code (for example,
in the devtool console when the page is pointing at js.tensorflow.org):
const x = tf.tensorld([-3, 0, -8]);
tf.softmax (x) .print () ;
The three elements of the softmax function’s output 1) are all in the [0, 1] interval,
2) sum to 1, and 3) are ordered in a way that matches the ordering in the input vec-
tor. As a result of these properties, the output can be interpreted as the probability
values assigned (by the model) to all the possible classes. In the previous code snip-
pet, the second category is assigned the highest probability while the first is assigned
the lowest.

As a consequence, when using an output from a multiclass classifier of this sort, you
can choose the index of the highest softmax element as the final decision—that is, a
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decision on what class the input belongs to. This can be achieved by using the method
argMax (). For example, this is an excerpt from index.js:
const predictOut = model.predict (input) ;
const winner = data.IRIS_CLASSES[predictOut.argMax(-1).dataSync()I[0]];
predictout is a 2D tensor of shape [numExamples, 3]. Calling its argMax0 method
causes the shape to be reduced to [numExample]. The argument value —1 indicates
that argMax () should look for maximum values along the last dimension and return
their indices. For instance, suppose predictOut has the following value:

[{0 , 0.6, 0.41,

[0.8, 0 , 0.2]]

Then, argMax (-1) will return a tensor that indicates the maximum values along the
last (second) dimension are found at indices 1 and 0 for the first and second exam-
ples, respectively:

[1, 0]

Categorical cross entropy: The loss function
for multiclass classification

In the binary classification example, we saw how binary cross entropy was used as the
loss function and why other, more human-interpretable metrics such as accuracy and
recall couldn’t be used as the loss function. The situation for multiclass classification is
quite analogous. There exists a straightforward metric—accuracy—that is the fraction
of examples that are classified correctly by the model. This metric is important for
humans to understand how well the model is performing and is used in this code snip-
pet in listing 3.9:
model.compile ({
optimizer: optimizer,
loss: 'categoricalCrossentropy',

metrics: ['accuracy'l,

1)
However, accuracy is a bad choice for loss function because it suffers from the same
zero-gradient issue as the accuracy in binary classification. Therefore, people have
devised a special loss function for multiclass classification: categorical cross entropy. It is
simply a generalization of binary cross entropy into the cases where there are more
than two categories.

Listing 3.10 Pseudo-code for categorical cross-entropy loss

function categoricalCrossentropy (oneHotTruth, probs):
for i in (0 to length of oneHotTruth)
if oneHotTruth(i) is equal to 1
return -log(probs[i]);
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In the pseudo-code in the previous listing, oneHotTruth is the one-hot encoding of
the input example’s actual class. probs is the softmax probability output from the
model. The key takeaway from this pseudo-code is that as far as categorical cross
entropy is concerned, only one element of probs matters, and that is the element
whose indices correspond to the actual class. The other elements of probs may vary all
they like, but as long as they don’t change the element for the actual class, it won’t
affect the categorical cross entropy. For that particular element of probs, the closer it
gets to 1, the lower the value of the cross entropy will be. Like binary cross entropy,
categorical cross entropy is directly available as a function under the tf.metrics
namespace, and you can use it to calculate the categorical cross entropy of simple but
illustrating examples. For example, with the following code, you can create a hypo-
thetical, one-hot-encoded truth label and a hypothetical probs vector and compute
the corresponding categorical cross-entropy value:

const oneHotTruth = tf.tensorld([0, 1, 01);

const probs = tf.tensorld([0.2, 0.5, 0.31);

tf.metrics.categoricalCrossentropy (oneHotTruth, probs) .print();

This gives you an answer of approximately 0.693. This means that when the probabil-
ity assigned by the model to the actual class is 0.5, categoricalCrossentropy has a
value of 0.693. You can verify it against the pseudo-code in listing 3.10. You may also
try raising or lowering the value from 0.5 to see how categoricalCrossentropy
changes (for instance, see table 3.5). The table also includes a column that shows the
MSE between the one-hot truth label and the probs vector.

Table 3.5 The values of categorical cross entropy under different probability
outputs. Without loss of generality, all the examples (row) are based on a case in
which there are three classes (as is the case in the iris-flower dataset), and the
actual class is the second one.

One-hot probs Categorical
truth label (softmax output) cross entropy
[0, 1, 0] [0.2, 0.5, 0.3] 0.693 0.127
[0, 1, 0] [0.0, 0.5, 0.5] 0.693 0.167
[0, 1, 0] [0.0, 0.9, 0.1] 0.105 0.006
[0, 1, 0] [0.1, 0.9, 0.0] 0.105 0.006
[0, 1, 0] [0.0, 0.99, 0.01] 0.010 0.00006

By comparing rows 1 and 2 or comparing rows 3 and 4 in this table, it should be clear
that changing the elements of probs that don’t correspond to the actual class doesn’t
alter the binary cross entropy, even though it may alter the MSE between the one-hot
truth label and probs. Also, like in binary cross entropy, MSE shows diminished return
when the probs value for the actual class approaches 1, and hence is not good at
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encouraging the probability value of the correct class to go up as categorical entropy
in this regime. These are the reasons why categorical cross entropy is more suitable as
the loss function than MSE for multiclass-classification problems.

Confusion matrix: Fine-grained analysis
of multiclass classification

By clicking the Train Model from Scratch button on the example’s web page, you can
get a trained model in a few seconds. As figure 3.9 shows, the model reaches nearly
perfect accuracy after 40 epochs of training. This reflects the fact that the iris dataset
is a small one with relatively well-defined boundaries between the classes in the fea-
ture space.

The bottom part of figure 3.9 shows an additional way of characterizing the behav-
ior of a multiclass classifier, called a confusion matrix. A confusion matrix breaks down
the results of a multiclass classifier according to their actual classes and the model’s
predicted classes. It is a square matrix of shape [numClasses, numClasses]. The ele-
ment at indices [1, j] (rowiand column j) is the number of examples that belong to
class i and are predicted as class j by the model. Therefore, the diagonal elements of
a confusion matrix correspond to correctly classified examples. A perfect multiclass
classifier should produce a confusion matrix with no nonzero elements outside the
diagonal. This is exactly the case for the confusion matrix in figure 3.9.

In addition to showing the final confusion matrix, the iris example also draws the
confusion matrix at the end of every training epoch, using the onTrainEnd () callback.

Accuracy
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—loss Series
---val_loss ——acc
---val_acc
0.0 T T T T T T T 1 0.0+ T T T T T T T J
0O 5 10 15 20 25 30 35 40 0O 5 10 15 20 25 30 35 40
Iteration Iteration
Confusion matrix (on validation set)
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8
< Iris-versicolor 0 n 0
Iris-virginica 0 0 n
© '5 © 0 Figure 3.9 A typical result from training
[%] R4 o ..
% 3 € the iris model for 40 epochs. Top left: the
A g g loss function plotted against epochs of
= : g training. Top right: the accuracy plotted

against epochs of training. Bottom: the
Prediction confusion matrix.
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Confusion matrix (on validation set)
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In early epochs, you may see a less perfect confusion matrix than the one in figure 3.9.
The confusion matrix in figure 3.10 shows that 8 out of the 24 input examples were
misclassified, which corresponds to an accuracy of 66.7%. However, the confusion
matrix tells us about more than just a single number: it shows which classes involve the
most mistakes and which involve fewer. In this particular example, all flowers from the
second class are misclassified (either as the first or the third class), while the flowers
from the first and third classes are always classified correctly. Therefore, you can see
that in multiclass classification, a confusion matrix is a more informative measure-
ment than simply the accuracy, just like precision and recall together form a more
comprehensive measurement than accuracy in binary classification. Confusion matri-
ces can provide information that aids decision-making related to the model and the
training process. For example, making some types of mistakes may be more costly
than confusing other pairs of classes. Perhaps mistaking a sports site for a gaming site
is less of a problem than confusing a sports site for a phishing scam. In those cases,
you can adjust the model’s hyperparameters to minimize the costliest mistakes.

The models we’ve seen so far all take an array of numbers as inputs. In other words,
each input example is represented as a simple list of numbers, of which the length is
fixed, and the ordering of the elements doesn’t matter as long as they are consistent
for all examples fed to the model. While this type of model covers a large subset of
important and practical machine-learning problems, it is far from the only kind. In
the coming chapters, we will look at more complex input data types, including images
and sequences. In chapter 4, we’ll start from images, a ubiquitous and widely useful
type of input data for which powerful neural network structures have been developed
to push the accuracy of machine-learning models to superhuman levels.

Exercises

When creating neural networks for the Boston-housing problem, we stopped at
a model with two hidden layers. Given what we said about cascading nonlinear
functions leading to enhanced capacity of models, will adding more hidden lay-
ers to the model lead to improved evaluation accuracy? Try this out by modify-
ing index.js and rerunning the training and evaluation.
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What is the factor that prevents more hidden layers from improving the eval-

uation accuracy?

What makes you reach this conclusion? (Hint: look at the error on the train-

ing set.)
Look at how the code in listing 3.6 uses the onEpochBegin callback to calculate
and draw an ROC curve at the beginning of every training epoch. Can you fol-
low this pattern and make some modifications to the body of the callback func-
tion so that you can print the precision and recall values (calculated on the test
set) at the beginning of every epoch? Describe how these values change as the
training progresses.
Study the code in listing 3.7 and understand how it computes the ROC curve.
Can you follow this example and write a new function, called drawPrecision-
RecallCurve (), which, as its name indicates, computes and renders a precision-
recall curve? Once you are done writing the function, call it from the onEpoch-
Begin callback so that a precision-recall curve can be plotted alongside the
ROC curve at the beginning of every training epoch. You may need to make
some changes or additions to ui.js.
Suppose you are told the FPR and TPR of a binary classifier’s results. With those
two numbers, is it possible for you to calculate the overall accuracy? If not, what
extra piece(s) of information do you require?
The definitions of binary cross entropy (section 3.2.4) and categorical cross
entropy (section 3.3.3) are both based on the natural logarithm (the log of base
¢). What if we change the definition so that they use the log of base 10? How
would that affect the training and inference of binary and multiclass classifiers?
Turn the pseudo-code for the hyperparameter grid search in listing 3.4 into
actual JavaScript code, and use the code to perform hyperparameter optimiza-
tion for the two-layer Boston-housing model in listing 3.1. Specifically, tune the
number of units of the hidden layer and the learning rate. Feel free to decide
on the ranges of units and learning rate to search over. Note that machine-
learning engineers generally use approximately geometric sequences (that is,
logarithmic) spacing for these searches (for example, units = 2, 5, 10, 20, 50,
100, 200, . . .).

Summary

Classification tasks are different from regression tasks in that they involve mak-
ing discrete predictions.

There are two types of classification: binary and multiclass. In binary classifica-
tion, there are two possible classes for a given input, whereas in multiclass classi-
fication, there are three or more.

Binary classification can usually be viewed as detecting a certain type of event or
object of significance, called positives, among all the input examples. When
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viewed this way, we can use metrics such as precision, recall, and FPR, in addi-
tion to accuracy, to quantify various aspects of a binary classifier’s behavior.
The trade-off between the need to catch all positive examples and the need to
minimize false positives (false alarms) is common in binary-classification tasks.
The ROC curve, along with the associated AUC metric, is a technique that helps
us quantify and visualize this relation.

A neural network created for binary classification should use the sigmoid activa-
tion in its last (output) layer and use binary cross entropy as the loss function
during training.

To create a neural network for multiclass classification, the output target is usu-
ally represented by one-hot encoding. The neural network ought to use softmax
activation in its output layer and be trained using the categorical cross-entropy
loss function.

For multiclass classification, confusion matrices can provide more fine-grained
information regarding the mistakes made by the model than accuracy can.
Table 3.6 summarizes recommended methodologies for the most common
types of machine-learning problems we have seen so far (regression, binary clas-
sification, and multiclass classification).

Hyperparameters are configurations concerning a machine-learning model’s
structure, properties of its layer, and its training process. They are distinct from
the model’s weight parameters in that 1) they do not change during the
model’s training process, and 2) they are often discrete. Hyperparameter opti-
mization is the process in which values of the hyperparameters are sought in
order to minimize a loss on the validation dataset. Hyperparameter optimiza-
tion is still an active area of research. Currently, the most frequently used meth-
ods include grid search, random search, and Bayesian methods.

Table 3.6 An overview of the most common types of machine-learning tasks, their suitable last-layer activation
function and loss function, as well as the metrics that help quantify the model quality

Type of task

Regression

Binary
classification

Single-label,
multiclass
classification

Activation Suitable metrics
of output supported during Additional
layer Loss function Model.fit() calls metrics

'linear' 'meanSquaredError' or (same as loss)

(default) 'meanAbsoluteError'

'sigmoid! 'binaryCrossentropy’ 'accuracy' Precision, recall,
precision-recall
curve, ROC curve,
AUC

'softmax’ 'categoricalCrossentropy’ 'accuracy' Confusion matrix




Recognizing images
and sounds using convnets

This chapter covers

How images and other perceptual data, such as audio, are
represented as multidimensional tensors

What convnets are, how they work, and why they are
especially suitable for machine-learning tasks involving
images

How to write and train a convnet in TensorFlow.js to solve
the task of classifying hand-written digits

How to train models in Node.js to achieve faster training
speeds

How to use convnets on audio data for spoken-word
recognition

The ongoing deep-learning revolution started with breakthroughs in image-
recognition tasks such as the ImageNet competition. There is a wide range of use-
ful and technically interesting problems that involve images, from recognizing
the contents of images to segmenting images into meaningful parts, and from
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localizing objects in images to synthesizing images. This subarea of machine learn-
ing is sometimes referred to as computer vision." Computer-vision techniques are
often transplanted to areas that have nothing to do with vision or images (such as
natural language processing), which is one more reason why it is important to study
deep learning for computer vision.? But before delving into computer-vision prob-
lems, we need to discuss the ways in which images are represented in deep learning.

From vectors to tensors: Representing images

In the previous two chapters, we looked at machine-learning tasks involving numerical
inputs. For example, the download-duration prediction problem in chapter 2 took a
single number (file size) as the input. The input in the Boston-housing problem was
an array of 12 numbers (number of rooms, crime rate, and so on). What these prob-
lems have in common is the fact that each input example can be represented as a flat
(non-nested) array of numbers, which corresponds to a 1D tensor in TensorFlow.js.
Images are represented differently in deep learning.

To represent an image, we use a 3D tensor. The first two dimensions of the tensor
are the familiar height and width dimensions. The third one is the color channel. For
example, color is often encoded as RGB values. In this case, each of the three colors is
a channel, which leads to a size of 3 along the third dimension. If we have an RGB-
encoded color image of size 224 x 224 pixels, we can represent it as a 3D tensor of size
[224, 224, 3]. The images in some computer-vision problems are noncolor (for
example, grayscale). In those cases, there is only one channel, which, if represented as
a 3D tensor, will lead to a tensor shape of [height, width, 1] (see figure 4.1 for an
example).?

This mode of encoding an image is referred to as height-width-channel (HWC). To
perform deep learning on images, we often combine a set of images into a batch for
efficient parallelized computation. When batching images, the dimension of individ-
ual images is always the first dimension. This is similar to how we combined 1D tensors
into a batched 2D tensor in chapters 2 and 3. Therefore, a batch of images is a 4D ten-
sor, with the four dimensions being image number (N), height (H), width (W), and
color channel (C), respectively. This format is referred to as NHWC. There is an alter-
native format, resulting from a different ordering of the four dimensions. It is called
NCHW. As its name suggests, NCHW puts the channel dimension ahead of the height
and width dimensions. TensorFlow.js can handle both the NHWC and NCHW for-
mats. But we will only use the default NHWC format in this book, for consistency.

I Note that computer vision is itself a broad field, some parts of which use non-machine-learning techniques
beyond the scope of this book.

2

Readers who are especially interested in deep learning in computer vision and want to dive deeper into the

topic can check out Mohamed Elgendy’s, Grokking Deep Learning for Computer Vision, Manning Publications, in

press.
An alternative is to “flatten” all the pixels of the image and their associated color values into a 1D tensor (a

3

flat array of numbers). But doing so makes it hard to exploit the association between the color channels of
each pixel and the 2D spatial relations between pixels.
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0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00

0.00 | 0.00 [ 0.10 | 0.24 | 0.40 [ 0.40 | 0.32 | 0.00

0.00 | 0.00 [ 0.46 | 0.88 | 0.60 | 0.27 | 0.08 | 0.00

0.00 | 0.00 [ 0.00 | 0.45 | 0.26 | 0.00 | 0.00 | 0.00

0.00 [ 0.00 | 0.00 [ 0.01 | 0.54 | 0.44 | 0.00 | 0.00

0.00 [ 0.00 | 0.00 [ 0.30 | 0.72 | 0.54 | 0.00 | 0.00

0.00 | 0.26 [ 0.68 | 0.71 | 0.25 [ 0.00 | 0.00 | 0.00

0.00 | 0.13 [ 0.15 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00

Figure 4.1 Representing an MNIST image as tensors in deep learning. For the sake of visualization,
we downsized the MNIST image from 28 x 28 to 8 x 8. The image is a grayscale one, which leads
to a height-width-channel (HWC) shape of [8, 8, 1]. The single color channel along the last
dimension is omitted in this diagram.

The MNIST dataset

The computer-vision problem we will focus on in this chapter is the MNIST* handwritten-
digit dataset. This is such an important and frequently used dataset that it is often
referred to as the “hello world” for computer vision and deep learning. The MNIST data-
setis older and smaller than most datasets you will find in deep learning. Yet it is good to
be familiar with it because it is widely used as an example and often serves as a first test
for novel deep-learning techniques.

Each example in the MNIST dataset is a 28 x 28 grayscale image (see figure 4.1 for
an example). These images were converted from real handwriting of the 10 digits 0
through 9. The image size of 28 x 28 is sufficient for reliable recognition of these sim-
ple shapes, although it is smaller than the image sizes seen in typical computer-vision
problems. Each image is accompanied by a definitive label, which indicates which of
the 10 possible digits the image actually is. As we have seen in the download-time pre-
diction and Boston-housing datasets, the data is divided into a training set and a test
set. The training set consists of 60,000 images, while the test contains 10,000 images.
The MNIST dataset® is approximately balanced, meaning that there are approxi-
mately equal numbers of examples for the 10 categories (that is, the 10 digits).

* MNIST stands for Modified NIST. The “NIST” part of the name comes from the fact that the dataset origi-
nated from the US National Institute of Standards and Technology around 1995. The “modified” part of the
name reflects the modification made to the original NIST dataset, which included 1) normalizing images into
the same uniform 28 x 28 pixel raster with anti-aliasing to make the training and test subsets more homoge-
neous and 2) making sure that the sets of writers are disjoint between the training and test subsets. These mod-
ifications made the dataset easier to work with and more amenable to objective evaluation of model accuracy.

o

See Yann LeCun, Corinna Cortes, and Christopher J.C. Burges, “The MNIST Database of Handwritten Dig-

its,” http://yann.lecun.com/exdb/mnist/.


http://yann.lecun.com/exdb/mnist/
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Your first convnet

Given the representation of the image data and the labels, we know what kind of input
a neural network that solves the MNIST dataset should take and what kind of output it
should generate. The input to the neural network is a tensor of the NHWC-format
shape [null, 28, 28, 1].The outputis a tensor of shape [null, 10], where the sec-
ond dimension corresponds to the 10 possible digits. This is the canonical one-hot
encoding of multiclass-classification targets. It is the same as the one-hot encoding of
the species of iris flowers we saw in the iris example in chapter 3. With this knowledge,
we can dive into the details of convnets (which, as a reminder, is short for convolu-
tional networks), the method of choice for image-classification tasks such as MNIST.
The “convolutional” part of the name may sound scary. It is just a type of mathemati-
cal operation, and we will explain it in detail.

The code is in the mnist folder of tfjs-examples. Like the previous examples, you
can access and run the code as follows:
git clone https://github.com/tensorflow/tfjs-examples.git
cd tfjs-examples/mnist
yarn && yarn watch
Listing 4.1 is an excerpt from the main index.js code file in the mnist example. Itis a
function that creates the convnet we use to solve the MNIST problem. The number of
layers in this sequential model (seven) is significantly greater than in the examples we
have seen so far (between one and three layers).

Listing 4.1 Defining a convolutional model for the MNIST dataset

function createConvModel () {
const model = tf.sequential();

model.add (tf.layers.conv2d({
inputShape: [IMAGE_H, IMAGE_W, 117,
kernelSize: 3, First conv2d layer
filters: 16,
activation: 'relu'
1))
model.add(tf.layers.maxPooling2d ({
poolSize: 2,
strides: 2
1))

Pooling after convolution

model.add (tf.layers.conv2d({ Repeating “motif” of
kernelSize: 3, filters: 32, activation: 'relu'})); conv2d-maxPooling2d
model.add(tf.layers.maxPooling2d({poolSize: 2, strides: 21}));

model.add(tf.layers.flatten()); < Flattens tensor to prepare for dense layers
model.add (tf.layers.dense ({
units: 64, Uses softmax activation for
activation: 'relu’ multiclass classification problem

)i
model.add(tf.layers.dense({units: 10, activation: 'softmax'})); <——
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model.summary(); < Prints a text summary of model
return model;

}

The sequential model constructed by the code in listing 4.1 consists of seven layers,
created one by one through the add () method calls. Before we examine the detailed
operations performed by each layer, let’s look at the model’s overall architecture,
which is shown in figure 4.2. As the diagram shows, the model’s first five layers include
a repeating pattern of conv2d-maxPooling2d layer groups, followed by a flatten layer.
The groups of conv2d-maxPooling2d layers are the working horse of feature
extraction. Each of the layers transforms an input image into an output one. A conv2d
layer operates through a convolutional kernel, which is “slid” over the height and width
dimensions of the input image. At each sliding position, it is multiplied with the input
pixels, and the products are summed and fed through a nonlinearity. This yields a
pixel in the output image. The maxPooling2d layers operate in a similar fashion but
without a kernel. By passing the input image data through the successive layers of con-
volution and pooling, we get tensors that become smaller and smaller in size and
more and more abstract in the feature space. The output of the last pooling layer is
transformed into a 1D tensor through flattening. The flattened 1D tensor then goes
into the dense layer (not shown in the diagram).

Convolutional

kernel 1 M Convolutional
Convolution X kernel 2 Max
result 1 pooling Convolution pooling Flattening
: result result2  result2 result
Input image + * * ‘
To
dense

— @ e . e

¢ 0 0 f

convad maxPooling2d conv2d maxPooling2d flatten

Figure 4.2 A high-level overview of the architecture of a simple convnet of the kind constructed by the code in
listing 4.1.. In this figure, the sizes of the images and intermediate tensors are made smaller than the actual sizes
in the model defined by listing 4.1 for illustration’s sake. So are the sizes of the convolutional kernels. Also note
that this diagram shows a single channel in each intermediate 4D tensor, whereas the intermediate tensors in
the actual model have multiple channels.

You can think of the convnet as an MLP built on top of convolutional and pooling
preprocessing. The MLP is exactly the same type as what we’ve seen in the Boston-
housing and phishing-detection problems: it’s simply made of dense layers with non-
linear activations. What'’s different in the convnet here is that the input to the MLP is
the output of the cascaded conv2d and maxPooling2d layers. These layers are specifi-
cally designed for image inputs to extract useful features from them. This architecture
was discovered through years of research in neural networks: it leads to an accuracy
significantly better than feeding the pixel values of the images directly into an MLP.
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With this high-level understanding of the MNIST convnet, let’s now dive deeper
into the internal workings of the model’s layers.

conv2d layer

The first layer is a conv2d layer, which performs 2D convolution. This is the first con-
volutional layer you see in this book. What does it do? conv2d is an image-to-image
transform—it transforms a 4D (NHWC) image tensor into another 4D image tensor,
possibly with a different height, width, and number of channels. (It may seem strange
that conv2d operates on 4D tensors, but keep in mind that there are two extra dimen-
sions, one for batch examples and one for channels.) Intuitively, it can be understood
as a group of simple “Photoshop filters™ that lead to image effects such as blurring
and sharpening. These effects are done with 2D convolution, which involves sliding a
small patch of pixels (the convolutional kernel, or simply kernel) over the input image. At
each sliding position, the kernel is multiplied with the small patch of the input image
that it overlaps with, pixel by pixel. Then the pixel-by-pixel products are summed to
form pixels in the resulting image.

Compared to a dense layer, a conv2d layer has more configuration parameters.
kernelSize and filters are two key parameters of the conv2d layer. To understand
their meaning, we need to describe how 2D convolution works on a conceptual level.

Figure 4.3 illustrates 2D convolution in greater detail. Here, we suppose the input
image (top left) tensor consists of a simple example so that we can draw it easily
on paper. We suppose the conv2d operation is configured as kernelSize = 3 and
filters = 3. Due to the fact that the input image has two color channels (a some-
what unusual number of channels just for illustration purposes), the kernel is a 3D
tensor of shape [3, 3, 2, 3]. The first two numbers (3 and 3) are the height and
width of the kernel, determined by kernelSize. The third dimension (2) is the num-
ber of input channels. What is the fourth dimension (3)? It is the number of filters,
which equals the last dimension of conv2d’s output tensor.

If the output is regarded as an image tensor (a totally valid way of looking at this!),
then filters can be understood as the number of channels in the output. Unlike the
input image, the channels in the output tensor don’t actually have to do with colors.
Instead, they represent different visual features of the input image, learned from the
training data. For example, some filters may be sensitive to straight-line boundaries
between bright and dark regions at a certain orientation, while others may be sensitive
to corners formed by a brown color, and so forth. More on that later.

The “sliding” action mentioned previously is represented as extracting small
patches from the input image. Each patch has height and width equal to kernelSize
(3 in this case). Since the input image has a height of 4, there are only two possible
sliding positions along the height dimension because we need to make sure that the

% We owe this analogy to Ashi Krishnan’s talk titled “Deep Learning in JS” at JSConf EU 2018: http://mng.bz/

VPa0.


http://mng.bz/VPa0
http://mng.bz/VPa0
http://mng.bz/VPa0
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Figure 4.3 How a conv2D layer works, with an example. For simplicity, it is assumed that the input tensor (top
left) contains only one image and is therefore a 3D tensor. Its dimensions are height, width, and depth (color
channels). The batch dimension is omitted for simplicity. The depth of the input image tensor is set as 2 for
simplicity. Note that the height and width of the image (4 and 5) are much smaller than those of a typical real
image. The depth (2) is less than the more typical value of 3 or 4 (for example, for RGB or RGBA). Assuming that
the £ilters property (the number of filters) of the conv2D layer is 3, kernelSizeis [3, 3], and strides
is [1, 11, the first step in performing the 2D convolution is to slide through the height and width dimensions and
extract small patches of the original image. Each patch has a height of 3 and a width of 3, matching the layer’s
filtersize; it also has the same depth as the original image. In the second step, a dot product is calculated
between every 3 x 3 x 2 patch and the convolutional kernel (that is, “filters”). Figure 4.4 gives more details on
each dot-product operation. The kernel is a 4D tensor and consists of three 3D filters. The dot product between
the image patch with the filter occurs separately for the three filters. The image patch is multiplied with the filter
pixel-by-pixel, and the products are summed, which leads to a pixel in the output tensor. Because there are three
filters in the kernel, each image patch is converted to a stack of three pixels. This dot-product operation is
performed over all image patches, and the resulting stacks of three pixels are merged as the output tensor, which
has a shape of [2, 3, 3] in this case.

3 x 3 window does not fall outside the bounds of the input image. Similarly, the width
(5) of the input image gives us three possible sliding positions along the width dimen-
sion. Hence, we end up with 2 x 3 = 6 image patches extracted.

At each sliding-window position, a dot-product operation occurs. Recall that the
convolutional kernel has a shape of [3, 3, 2, 3]. We can break up the 4D tensor
along the last dimension into three separate 3D tensors, each of which has a shape of
[3, 3, 21, as shown by the hash lines in figure 4.3. We take the image patch and one
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of the 3D tensors, multiply them together pixel-by-pixel, and sum all the 3 * 3 * 2 = 18
values to get a pixel in the output tensor. Figure 4.4 illustrates the dot-product step in
greater detail. It is not a coincidence that the image patch and the slice of the convo-
lutional kernel have exactly the same shape—we extracted the image patches based
on the kernel’s shape! This multiply-and-add operation is repeated for all three slices
of the kernel, which gives a set of three numbers. Then this dot-product operation is
repeated for the remaining image patches, which gives the six columns of three cubes
in the figure. These columns are finally combined to form the output, which has an
HWC shape of [2, 3, 3].
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Figure 4.4 An illustration of the dot-product (that is, multiply-and-add)
operation in the 2D convolution operation, a step in the full workflow
outlined in figure 4.3. For the sake of illustration, it is assumed that the
image patch (x) contains only one color channel. The image patch has a
shape of [3, 3, 1], thatis, the same as the size of the convolutional
kernel slice (K). The first step is element-by-element multiplication, which
yields another [3, 3, 1] tensor. The elements of the new tensor are
added together (represented by the X), and the sum is the result.

Like a dense layer, a conv2d layer has a bias term, which is added to the result of the
convolution. Also, a conv2d layer is usually configured to have a nonlinear activation
function. In this example, we use relu. Recall that in the chapter 3 section “Avoiding
the fallacy of stacking layers without nonlinearity,” we warned that stacking two dense
layers without nonlinearity is mathematically equivalent to using a single dense layer.
A similar cautionary note applies to conv2d layers: stacking two such layers without a
nonlinear activation is mathematically equivalent to using a single conv2d layer with a
larger kernel and is hence an inefficient way of constructing a convnet that should be
avoided.

Whew! That’s it for the details of how conv2d layers work. Let’s take a step back and
look at what conv2d actually achieves. In a nutshell, it is a special way to transform an
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input image into an output image. The output image will usually have smaller height
and width compared to the input. The reduction in size is dependent on the kernel-
Size configuration. The output image may have fewer, more, or the same channels
than the input, which is determined by the filters configuration.

So conv2d is an image-to-image transformation. Two key features of the conv2d
transformation are locality and parameter sharing:

Locality refers to the property that the value of a given pixel in the output image
is affected by only a small patch of the input image, instead of all the pixels in
the input image. The size of that patch is kernelSize. This is what makes
conv2d distinct from dense layers: in a dense layer, every output element is
affected by every input element. In other words, the input elements and output
elements are “densely connected” in a dense layer (hence its name). So, we can
say that a conv2d layer is “sparsely connected.” While dense layers learn global
patterns in the input, convolutional layers learn local patterns—patterns within
the small window of the kernel.

Parameter sharing refers to the property that the way in which output pixel A is
affected by its small input patch is exactly the same as the way in which output
pixel B is affected by its input patch. This is because the dot product at every
sliding position uses the same convolutional kernel (figure 4.3).

Due to locality and parameter sharing, a conv2d layer is a highly efficient, image-to-
image transform in terms of the number of parameters required. In particular, the
size of the convolutional kernel does not change with the height or width of the input
image. Coming back to the first conv2d layer in listing 4.1, the kernel has a shape of
[kernelSize, kernelSize, 1, filter] (thatis, [5, 5, 1, 8]), and therefore a
total of 5 * 5 * 1 * 8 = 200 parameters, regardless of whether the input MNIST images
are 28 x 28 or much larger. The output of the first conv2d layer has a shape of [24,
24, 8] (omitting the batch dimension). So, the conv2d layer transforms a tensor con-
sisting of 28 * 28 * 1 = 784 elements into another tensor of 24 * 24 * 8 = 4,608 ele-
ments. If we were to implement this transform with a dense layer, how many
parameters will be involved? The answer is 784 * 4,608 = 3,612,672 (not including the
bias), which is about 18 thousand times more than the conv2d layer! This thought
experiment shows the efficiency of convolutional layers.

The beauty of conv2d’s locality and parameter sharing is not only in its efficiency,
but also in the fact that it mimics (in a loose fashion) how biological visual systems
work. Consider neurons in the retina. Each neuron is affected by only a small patch in
the eye’s field of view, called the receptive field. Two neurons located at different loca-
tions of the retina respond to light patterns in their respective receptive fields in
pretty much the same way, which is analogous to the parameter sharing in a conv2d
layer. What’s more, conv2d layers prove to work well for computer-vision problems, as
we will soon appreciate in this MNIST example. conv2d is a neat neural network layer
that has it all: efficiency, accuracy, and relevance to biology. No wonder it is so widely
used in deep learning.
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maxPooling2d layer

Having examined the conv2d layer, let’s look at the next layer in the sequential
model—a maxPooling2d layer. Like conv2d, maxPooling2d is a kind of image-to-
image transform. But the maxPooling2d transform is simpler compared to conv2d. As
figure 4.5 shows, it simply calculates the maximum pixel values in small image patches
and uses them as the pixel values in the output. The code that defines and adds the
maxPooling2d layer is

model.add(tf.layers.maxPooling2d({poolSize: 2, strides: 2}));

12 | 14 8 4

30 |%24 14 32

.

". Figure 4.5 An example of how a maxPooling2D layer

Aj works. This example uses a tiny 4 x 4 image and assumes

21 25 that the maxPooling2D layer is configured to have a
poolSizeof [2, 2] and stridesof [2, 2].The depth

30 32 dimension is not shown, but the max-pooling operation

occurs independently over the dimensions.

In this particular case, the image patches have a height and width of 2 x 2 because of
the specified poolSize value of [2, 2]. The patches are extracted every two pixels,
along both dimensions. This spacing between patches results from the strides value
we use here: [2, 2].As a result, the output image, with an HWC shape of [12, 12,

81, is half the height and half the width of the input image (shape [24, 24, 8]) but
has the same number of channels.

A maxPooling2d layer serves two main purposes in a convnet. First, it makes the
convnet less sensitive to the exact location of key features in the input image. For
example, we want to be able to recognize the digit “8” regardless of whether it has
shifted to the left or the right from the center in the 28 x 28 input image (or shifted
up or down, for that matter), a property called positional invariance. To understand
how the maxPooling2d layer enhances positional invariance, realize the fact that
within each image patch that maxPooling2d operates on, it doesn’t matter where the
brightest pixel is, as long as it falls into that patch. Admittedly, a single maxPooling2d
layer can do only so much in making the convnet insensitive to shifts because its pool-
ing window is limited. However, when multiple maxPooling2d layers are used in the
same convnet, they work together to achieve considerably greater positional invari-
ance. This is exactly what is done in our MNIST model—as well as in virtually all prac-
tical convnets—which contains two maxPooling2d layers.
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As a thought experiment, consider what happens when two conv2d layers (called
conv2d_1 and conv2d_2) are stacked directly on top of each other without an inter-
mediate maxPooling2d layer. Suppose each of the two conv2d layers has a kernelSize
of 3; then each pixel in conv2d_2’s output tensor is a function of a 5 x 5 region in the
original input to conv2d_1. We can say that each “neuron” of the conv2d_2 layer has a
receptive field of size 5 x 5. What happens when there is an intervening maxPool-
ing2d layer between the two conv2d layers (as is the case in our MNIST convnet)? The
receptive field of conv2d_2’s neurons becomes larger: 11 x 11. This is due to the pool-
ing operation, of course. When multiple maxPooling2d layers are present in a con-
vnet, layers at higher levels can have broad receptive fields and positional invariance.
In short, they can see wider!

Second, a maxPooling2d layer also shrinks the size of the height and width dimen-
sions of the input tensor, significantly reducing the amount of compute required in
subsequent layers and in the entire convnet overall. For example, the output from the
first conv2d layer has an output tensor of shape [26, 26, 16]. After passing through
the maxPooling2d layer, the tensor shape becomes [13, 13, 16], which reduces the
number of tensor elements by a factor of 4. The convnet contains another max-
Pooling2d layer, which further shrinks the size of the weights in subsequent layers and
the number of elementwise mathematical operations in those layers.

Repeating motifs of convolution and pooling

Having examined the first maxPooling2d layer, let’s focus our attention on the next
two layers of the convnet, defined by these lines in listing 4.1:
model.add (tf.layers.conv2d(

{kernelSize: 3, filters: 32, activation: 'relu'}));
model.add (tf.layers.maxPooling2d({poolSize: 2, strides: 2}));
These two layers are an exact repeat of the previous two layers (except that the conv2d
layer has a larger value in its filters configuration and does not possess an inputShape
field). This type of an almost-repeating “motif” consisting of a convolutional layer and a
pooling layer is seen frequently in convnets. It performs a critical role: hierarchical
extraction of features. To understand what it means, consider a convnet trained for the
task of classifying animals in images. At early stages of the convnet, the filters (that is,
channels) in a convolutional layer may encode low-level geometric features, such as
straight lines, curved lines, and corners. These low-level features are transformed into
more complex features, such as a cat’s eye, nose, and ear (see figure 4.6). At the top
level of the convnet, a layer may have filters that encode the presence of a whole cat.
The higher the level, the more abstract the representation and the more removed from
the pixel-level values the features are. But those abstract features are exactly what is
required to achieve good accuracy on the convnet’s task—for instance, detecting a cat
when it is present in the image. Moreover, these features are not handcrafted but are
instead extracted from the data in an automatic fashion through supervised learning.
This is a quintessential example of the kind of layer-by-layer representational transfor-
mation that we described as the essence of deep learning in chapter 1.
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Figure 4.6 Hierarchical extraction of features from an input image by a
convnet, using a cat image as an example. Note that in this example, the
input to the neural network is at the bottom, and the output is at the top.

Flatten and dense layers

After the input tensor has passed through the two groups of conv2d-maxPooling2d
transformations, it becomes a tensor of the HWC shape [4, 4, 16] (without the
batch dimension). The next layer in the convnet is a flatten layer. This layer forms a
bridge between the previous conv2d-maxPooling2d layers and the following layers of
the sequential model.

The code for the flatten layer is simple, as the constructor doesn’t require any con-
figuration parameters:

model.add (tf.layers.flatten());

A flatten layer “squashes” a multidimensional tensor into a 1D tensor, preserving the
total number of elements. In our case, the 3D tensor of shape [3, 3, 32] is flattened
into a 1D tensor [288] (without the batch dimension). An obvious question for the
squashing operation is how to order the elements, because there is no intrinsic order
in the original 3D space. The answer is, we order the elements such that if you go
down the elements in the flattened 1D tensor and look at how their original indices
(from the 3D tensor) change, the last index changes the fastest, the second-to-last
index changes the second fastest, and so forth, while the first index changes the slow-
est. This is illustrated in figure 4.7.
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Figure 4.7 How a flatten layer works. A 3D tensor input is assumed. For
the sake of simplicity, we let each dimension have a small size of 2. The
indices of the elements are shown on the “faces” of the cubes that
represent the elements. The flatten layer transforms the 3D tensor into a
1D tensor while preserving the total number of elements. The ordering of
the elements in the flattened 1D tensor is such that when you go down the
elements of the output 1D tensor and examine their original indices in the
input tensor, the last dimension is the one that changes the fastest.

What purpose does the flatten layer serve in our convnet? It sets the stage for the sub-
sequent dense layers. As we learned in chapters 2 and 3, a dense layer usually takes a
1D tensor (excluding the batch dimension) as its input due to how a dense layer
works (section 2.1.4).
The next two lines of the code in listing 4.1 add two dense layers to the convnet:
model.add (tf.layers.dense({units: 64, activation: 'relu'}));
model.add(tf.layers.dense({units: 10, activation: 'softmax'})):;
Why two dense layers and not just one? The same reason as in the Boston-housing
example and phishing-URL-detection example we saw in chapter 3: adding layers with
nonlinear activation increases the network’s capacity. In fact, you can think of the con-
vnet as consisting of two models stacked on top of each other:

= A model that contains conv2d, maxPooling2d, and flatten layers, which extracts
visual features from the input images

= An MLP with two dense layers that uses the extracted features to make digit-
class predictions—this is essentially what the two dense layers are for

In deep learning, many models show this pattern of feature-extraction layers followed
by MLPs for final predictions. We will see more examples like this throughout the



130

4.2.5

CHAPTER 4  Recognizing images and sounds using convnets

rest of this book, in models ranging from audio-signal classifiers to natural language
processing.

Training the convnet

Now that we’ve successfully defined the topology of the convnet, the next step is to
train it and evaluate the result of the training. This is what the code in the next listing
is for.

Listing 4.2 Training and evaluating the MNIST convnet

const optimizer = 'rmsprop';
model.compile ({
optimizer,
loss: 'categoricalCrossentropy',
metrics: ['accuracy']

)i

const batchSize = 320;
const validationSplit = 0.15;
await model.fit(trainData.xs, trainData.labels, {
batchSize,
validationSplit,
epochs: trainEpochs,
callbacks: { Uses callbacks to plot accuracy
onBatchEnd: async (batch, logs) => { and loss during training
trainBatchCount++;
ui.logStatus (
‘Training... (& +
‘${(trainBatchCount / totalNumBatches * 100).toFixed(1l)}%  +
complete). To stop training, refresh or close page.’);
ui.plotLoss (trainBatchCount, logs.loss, 'train');
ui.plotAccuracy (trainBatchCount, logs.acc, 'train');
I
onEpochEnd: async (epoch, logs) => {
valAcc = logs.val_acc;
ui.plotLoss (trainBatchCount, logs.val_loss, 'validation');
ui.plotAccuracy (trainBatchCount, logs.val_acc, 'validation');

)

const testResult = model.evaluate( Evaluates the model’s accuracy
testData.xs, testData.labels); using data the model hasn’t seen
Much of the code here is about updating the UI as the training progresses, for
instance, to plot how the loss and accuracy values change. This is useful for monitor-
ing the training process but not strictly essential for model training. Let’s highlight
the parts essential for training:

= trainData.xs (the first argument to model.fit()) contains the input MNIST
images represented as a tensor of NHWC shape [N, 28, 28, 1]
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trainData.labels (the second argument to model.fit()). This includes the
input labels, represented as a one-hot encoded 2D tensor of shape [N, 10].
The loss function used in the model.compile() call, categoricalCross-
entropy, which is appropriate for multiclass-classification problems like MNIST.
Recall that we used the same loss function for the iris-flower-classification prob-
lem in chapter 3.

The metric function specified in the model.compile() call: 'accuracy'. This
function measures what fraction of the examples are classified correctly, given
that the prediction is made based on the largest element among the 10 ele-
ments of the convnet’s output. Again, this is exactly the same metric we used for
the newswire problem. Recall the difference between the cross-entropy loss and
the accuracy metric: cross-entropy is differentiable and hence makes backprop-
agation-based training possible, whereas the accuracy metric is not differentia-
ble but is more easily interpretable.

The batchSize parameter specified for the model.fit () call. In general, the
benefit of using larger batch sizes is that it produces a more consistent and less
variable gradient update to the model’s weights than a smaller batch size. But
the larger the batch size, the more memory is required during training. You
should also keep in mind that given the same amount of training data, a larger
batch size leads to a small number of gradient updates per epoch. So, if you use
alarger batch size, be sure to increase the number of epochs accordingly so you
don’t inadvertently decrease the number of weight updates during training.
Thus, there is a trade-off. Here, we use a relatively small batch size of 64 because
we need to make sure that this example works on a wide range of hardware.
Like other parameters, you can modify the source code and refresh the page so
as to experiment with the effect of using different batch sizes.

The validationSplit used in the model.fit () call. This lets the training pro-
cess leave out the last 15% of trainData.xs and trainData.labels for valida-
tion during training. As you learned with the previous nonimage models,
monitoring validation loss and accuracy is important during training. It gives
you an idea of whether and when the model is overfitting. What is overfitting?
Put simply, it is a state in which the model pays too much attention to the fine
details of the data it has seen during training—so much so that its prediction
accuracy on data not seen during training is negatively affected. It is a critical
concept in supervised machine learning. Later in the book (chapter 8), we will
devote an entire chapter to how to spot and counteract overfitting.

model. fit () is an async function, so we need to use await on it if subsequent actions
depend on the completion of the fit () call. This is exactly what’s done here, as we
need to perform an evaluation on the model using a test dataset after the model is
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trained. The evaluation is performed using the model.evaluate () method, which is
synchronous. The data fed to model.evaluate() is testData, which has the same for-
mat as the trainData mentioned earlier, but has a smaller number of examples.
These examples were never seen by the model during the fit () call, ensuring that
the test dataset does not leak into the evaluation result and that the result of the eval-
uation is an objective assessment of the model’s quality.

With this code, we let the model train 10 epochs (specified in the input box),
which gives us the loss and accuracy curves in figure 4.8. As shown by the plots, the
loss converges toward the end of the training epochs, and so does the accuracy. The
validation loss and accuracy values do not deviate from their training counterparts too
much, which indicates that there is no significant overfitting in this case. The final
model.evaluate() call gives an accuracy in the neighborhood of 99.0% (the actual
value you get will vary slightly from run to run, owing to the random initialization of
weights and the implicit random shuffling of examples during training).
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Figure 4.8 The MNIST convnet'’s training curves. Ten epochs of training are performed, with each epoch
consisting of approximately 800 batches. Left: loss value. Right: accuracy value. The values from the training
and validation sets are shown by the different colors, line widths, and marker symbols. The validation curves
contain fewer data points than the training ones because, unlike the training batches, validation is performed
only at the end of every epoch.

How good is 99.0%? It is passable from a practical point of view, but it is certainly not
the state of the art. With more convolutional layers, it is possible to achieve an accu-
racy reaching 99.5% by increasing the number of convolutional and pooling layers
and the number of filters in the model. However, training those larger convnets take
significantly longer in the browser—so long that it makes sense to do the training in a
less resource-constrained environment like Node.js. We will show you exactly how to
do that in section 4.3.

From a theoretical point of view, remember MNIST is a 10-way classification prob-
lem. So, the chance-level (pure guessing) accuracy is 10%; 99.0% is way better than
that. But chance level is not a very high bar. How do we show the value of the conv2d
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and maxPooling2d layers in the model? Would we have done as well if we stuck with
the good old dense layers?

To answer these questions, we can do an experiment. The code in index js contains
another function for model creation called createDenseModel (). Unlike the create-
ConvModel () function we saw in listing 4.1, createDenseModel () creates a sequential
model made of only flatten and dense layers, that is, without using the new layer types
we learned in this chapter. createDenseModel () makes sure that the total number
of parameters is approximately equal between the dense model it creates and the
convnet we just trained—approximately 33,000, so it will be a fairer comparison.

Listing 4.3 A flatten-and-dense-only model for MNIST, for comparison with convnet

function createDenseModel () {

const model = tf.sequentiall();

model.add (tf.layers.flatten({inputShape: [IMAGE_H, IMAGE W, 1]1}));
model.add (tf.layers.dense({units: 42, activation: 'relu'}));
model.add (tf.layers.dense({units: 10, activation: 'softmax'}));
model . summary () ;

return model;

}

The summary of the model defined in listing 4.3 is as follows:

Layer (type) Output shape Param #
flatten Plattenl (Flatten) [mull,784] 0
dense_Densel (Dense) [null, 42] 32970
dense_Dense2 (Dense) [null, 10] 430

Total params: 33400
Trainable params: 33400
Non-trainable params: 0

Using the same training configuration, we obtain training results as shown in figure
4.9 from the nonconvolutional model. The final evaluation accuracy we get after 10
training epochs is about 97.0%. The difference of two percentage points may seem
small, but in terms of error rate, the nonconvolutional model is three times worse
than the convnet. As a hands-on exercise, try increasing the size of the nonconvolu-
tional model by increasing the units parameter of the hidden (first) dense layer in
the createDenseModel () function. You will see that even with greater sizes, it is
impossible for the dense-only model to achieve an accuracy on par with the convnet.
This shows you the power of a convnet: through parameter sharing and exploiting
the locality of visual features, convnets can achieve superior accuracy on computer-
vision tasks with an equal or fewer number of parameters than nonconvolutional
neural networks.
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Figure 4.9 Same as figure 4.8, but for a nonconvolutional model for the MNIST problem, created by the
createDenseModel () function in listing 4.3

4.2.6 Using a convnet to make predictions

Now we have a trained convnet. How do we use it to actually classify images of hand-
written digits? First, you need to get hold of the image data. There are a number of
ways through which image data can be made available to TensorFlow.js models. We
will list them and describe when they are applicable.

CREATING IMAGE TENSORS FROM TYPEDARRAYS

In some cases, the image data you want are already stored as JavaScript TypedArrays.
This is the case in the tfjs-example/mnist example we are focusing on. The details are
in the data.js file, and we will not elaborate on the detailed machinery. Given a
Float32Array representing an MNIST of the correct length (say, a variable named
imageDataArray), we can convert it into a 4D tensor of the shape expected by our
model with’

let x = tf.tensor4d(imageDataArray, [1, 28, 28, 1]);

The second argument in the tf.tensor4d() call specifies the shape of the tensor to
be created. It is necessary because a Float32Array (or a TypedArray in general) is a
flat structure with no information regarding the image’s dimensions. The size of the
first dimension is 1 because we are dealing with a single image in imageDataArray. As
in previous examples, the model always expects a batch dimension during training,
evaluation, and inference, no matter whether there is only one image or more than
one. If the Float32Array contains a batch of multiple images, it can also be converted
into a single tensor, where the size of the first dimension equals the number of
images:

let x = tf.tensord4d(imageDataArray, [numImages, 28, 28, 1]);

7 See appendix B for a more comprehensive tutorial on how to create tensors using the low-level API in
TensorFlow js.
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TF.BROWSER.FROMPIXELS: GETTING IMAGE TENSORS FROM HTML IMG, CANVAS,
OR VIDEO ELEMENTS

The second way to get image tensors in the browser is to use the TensorFlow.js func-
tion tf.browser.fromPixels() on HTML elements that contain image data—this
includes img, canvas, and video elements.

For example, suppose a web page contains an img element defined as

<img id="my-image" src="foo.jpg"></img>
You can obtain the image data displayed in the img element with one line:

let x = tf.browser.fromPixels (

document .getElementById('my-image')) .asType('float32"');
This generates a tensor of shape [height, width, 3], where the three channels are
for RGB color encoding. The asType0 call at the end is necessary because
tf.browser.fromPixels() returns a int32-type tensor, but the convnet expects
float32-type tensors as inputs. The height and width are determined by the size of the
img element. If it doesn’t match the height and width expected by the model, you can
either change the height and width attributes of the img element (if that doesn’t make
the UI look bad, of course) or resize the tensor from tf.browser.fromPixels() by
using one of the two imageresizing methods provided by TensorFlow,js,
tf.image.resizeBilinear () or tf.image.resizeNearestNeigbor():

x = tf.image.resizeBilinear (x, [newHeight, newWidth]) ;

tf.image.resizeBilinear() and tf.image.resizeNearestNeighbor () have the
same syntax, but they perform image resizing with two different algorithms. The for-
mer uses bilinear interpolation to form pixel values in the new tensor, while the latter
performs nearest-neighbor sampling and is usually less computationally intensive than
bilinear interpolation.

Note that the tensor created by tf.browser.fromPixels() does not include a
batch dimension. So, if the tensor is to be fed into a TensorFlow.js model, it must be
dimension-expanded first; for example,

x = x.expandDims () ;

expandDims () takes a dimension argument in general. But in this case, the argument
can be omitted because we are expanding the first dimension, which is the default for
that argument.

In addition to img elements, tf.browser. fromPixels () works on canvas and video
elements in the same way. Applying tf.browser.fromPixels () on canvas elements is
useful for cases in which the user can interactively alter the content of a canvas before the
content is used by a TensorFlow.js model. For example, imagine an online handwriting-
recognition app or an online hand-drawn-shape-recognition app. Apart from static
images, applying tf.browser.fromPixels () on video elements is useful for obtaining
frame-by-frame image data from a webcam. This is exactly what’s done in the Pac-Man
demo that Nikhil Thorat and Daniel Smilkov gave during the initial TensorFlow.js
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announcement (see http://mng.bz/xl0e), the PoseNet demo,® and many other Ten-
sorFlow.js-based web apps that use a webcam. You can read the source code on GitHub
at http://mng.bz/ANYK.

As we have seen in the previous chapters, great care should be taken to avoid skew
(that is, mismatch) between the training data and the inference data. In this case, our
MNIST convnet is trained with image tensors normalized to the range between 0 and
1. Therefore, if the data in the x tensor has a different range, say 0-255, as is common
in HTML-based image data, we should normalize the data:

x = x.div(255);

With the data at hand, we are now ready to call model.predict () to get the predic-
tions. See the following listing.

Listing 4.4 Using the trained convnet for inference

const testExamples = 100;

const examples = data.getTestData (testExamples) ; i
Uses tf.tidy() to prevent

tf.tidy (() => { < WebGL memory leaks
const output = model.predict (examples.xs) ;

const axis = 1;
const labels = Array.from(examples.labels.argMax(axis) .dataSync());
const predictions = Array.from(

output.argMax (axis) .dataSync()) ; < Calls argMax() to get
ui.showTestResults (examples, predictions, labels); the class with t.h_e
}); largest probability

The code is written with the assumption that the batch of images for prediction is
already available in a single tensor, namely, examples.xs. It has a shape of [100, 28,
28, 1] (including the batch dimension), where the first dimension reflects the fact
that there are 100 images we are running a prediction on. model.predict () returns
an output 2D tensor of shape [100, 10]. The first dimension of the output corre-
sponds to the examples, while the second dimension corresponds to the 10 possible
digits. Every row of the output tensor includes the probability values assigned to the
10 digits for a given image input. To determine the prediction, we need to find out
the indices of the maximum probability values, image by image. This is done with the
lines

const axis = 1;

const labels Array.from(examples.labels.argMax (axis) .dataSync()) ;

The argMax () function returns the indices of the maximum values along a given axis.
In this case, this axis is the second dimension, const axis = 1. The return value of
argMax () is a tensor of shape [100, 1]. By calling dataSync (), we convert the [100, 1]-
shaped tensor into a length-100 Float32Array. Then Array.from() converts the

8 Dan Oved, “Real-time Human Pose Estimation in the Browser with TensorFlow.js,” Medium, 7 May
2018, http://mng.bz/ZeOO.
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Float32Array into an ordinary JavaScript array consisting of 100 integers between 0
and 9. This predictions array has a very straightforward meaning: it is the classification
results made by the model for the 100 input images. In the MNIST dataset, the target
labels happen to match the output index exactly. Therefore, we don’t even need to
convert the array into string labels. The predictions array is consumed by the next
line, which calls a UI function that renders the results of the classification alongside
the test images (see figure 4.10).

7]z /Jolul/]4]als

Figure 4.10 A few examples of predictions made by the model after training, shown alongside the
input MNIST images

Beyond browsers: Training models faster using Node.js

In the previous section, we trained a convnet in the browser, and it reached a test
accuracy of 99.0%. In this section, we will create a more powerful convnet that will
give us a higher test accuracy: around 99.5%. The improved accuracy comes at a cost,
though: a greater amount of memory and computation consumed by the model
during both training and inference. The increase in cost is more pronounced during
training because training involves backpropagation, which is more computationally
intensive compared to the forward runs that inference entails. The larger convnet will
be too heavy and too slow to train in most web browser environments.

Dependencies and imports for using tfjs-node

Enter the Node.js version of TensorFlow.js! It runs in a backend environment, unhin-
dered by any resource restriction like that of a browser tab. The CPU version of
Node.js of TensorFlow (fjs-node for short hereafter) directly uses the multithreaded
math operations written in C++ and used by the main Python version of TensorFlow. If
you have a CUDA-enabled GPU installed on your machine, tfjs-node can also use the
GPU-accelerated math kernels written in CUDA, achieving even greater gains in
speed.

The code for our enhanced MNIST convnet is in the mnist-node directory of tfjs-
examples. As in the examples we have seen, you can use the following commands to
access the code:

git clone https://github.com/tensorflow/tfjs-examples.git
cd tfjs-examples/mnist-node
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What'’s different from the previous examples is that the mnist-node example will run
in a terminal instead of a web browser. To download the dependencies, use the yarn
command.

If you examine the package.json file, you can see the dependency @tensorflow/
tfjs-node. With @tensorflow/tfjs-node declared as a dependency, yarn will auto-
matically download the C++ shared library (with the name libtensorflow.so, libtensorflw
.dylib, or libtensorflow.dll on Linux, Mac, or Windows systems, respectively) into your
node_ modules directory for use by TensorFlow.js.

Once the yarn command has finished running, you can kick off the model training
with
node main.js

We assume that the node binary is available on your path since you have already
installed yarn (see appendix A if you need more information on this).

The workflow just described will allow you to train the enhanced convnet on your
CPU. If your workstation and laptop have a CUDA-enabled GPU inside, you can also
train the model on your GPU. The steps involved are as follows:

Install the correct versions of the NVIDIA driver for your GPU.

Install the NVIDIA CUDA toolkit. This is the library that enables general-
purpose parallel computing on NVIDIA’s line of GPUs.

Install CuDNN, NVIDIA’s library for high-performance, deep-learning algo-
rithms built on top of CUDA (see appendix A for more details on steps 1-3).

In package json, replace the @tensorflow/tfjs-node dependency with @tensor-
flow/tfjs-node-gpu, but keep the same version number because the two pack-
ages have synchronized releases.

Run yarn again, which will download the shared library that contains the
CUDA math operations for TensorFlow.js use.

In main.js, replace the line

require('@tensorflow/tfjs-node');
with

require ('@tensorflow/tfjs-node-gpu') ;
Start the training again with

node main.js

If the steps are done correctly, your model will be roaring ahead on your CUDA GPU,
training at a speed that is typically five times the speed you can get with the CPU ver-
sion (tfjs-node). Training with either the CPU or GPU version of tfjs-node is signifi-
cantly faster compared to training the same model in the browser.

TRAINING AN ENHANCED CONVNET FOR MINIST IN TFJS-NODE

Once the training is complete in 20 epochs, the model should show a final test (or eval-
uation) accuracy of approximately 99.6%, which beats the previous result of 99.0% we
achieved in section 4.2. So, what are the differences between this node-based model
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and the browser-based model that lead to this boost in accuracy? After all, if you train
the same model in tfjs-node and the browser version of TensorFlow.js using the training
data, you should get the same results (except the effects or random weights initializa-
tion.) To answer this question, let’s look at the definition of the node-based model.
The model is constructed in the file model.js, which is imported by main.js.

Listing 4.5 Defining a larger convnet for MNIST in Node.js

const model = tf.sequential();
model.add (tf.layers.conv2d({

inputShape: [28, 28, 1],

filters: 32,

kernelSize: 3,

activation: 'relu',
1))
model.add (tf.layers.conv2d({

filters: 32,

kernelSize: 3,

activation: 'relu',
1))
model.add (tf.layers.maxPooling2d({poolSize: [2, 2]1}));
model.add (tf.layers.conv2d({

filters: 64,

kernelSize: 3,

activation: 'relu',
1))
model.add (tf.layers.conv2d({

filters: 64,

kernelSize: 3,

activation: 'relu',
1))
model.add(tf.layers.maxPooling2d({poolSize: [2, 2]}));
model.add(tf.layers.flatten()) ; Adds dropout layers
model .add (tf.layers.dropout ({rate: 0.25})); to reduce overfitting
model.add (tf.layers.dense({units: 512, activation: 'relu'}));
model.add (tf.layers.dropout ({rate: 0.5}));
model.add (tf.layers.dense({units: 10, activation: 'softmax'}));

model . summary () ;

model.compile ({
optimizer: 'rmsprop',
loss: 'categoricalCrossentropy',
metrics: ['accuracy'l],

)i

The summary of the model is as follows:

Layer (type) Output shape Param #

conv2d_Conv2Dl (Conv2D) [null, 26,26,32] 320

conv2d_Conv2D2 (Conv2D) [null, 24,24,32] 9248
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max_pooling2d_MaxPooling2Dl [null,12,12,32] 0
conv2d_Conv2D3 (Conv2D) [null,10,10,64] 18496
conv2d_Conv2D4 (Conv2D) [null, 8,8,64] 36928
max_pooling2d_MaxPooling2D2 [null,4,4,64] 0
flatten_Flattenl (Flatten) [null,1024] 0
dropout_Dropoutl (Dropout) [null,1024] 0
dense_Densel (Dense) [null,512] 524800
dropout_Dropout2 (Dropout) [null,512] 0
dense_Dense2 (Dense) [null,10] 5130

Total params: 594922
Trainable params: 594922
Non-trainable params: 0

These are the key differences between our tfjsnode model and the browser-based model:

The node-based model has four conv2d layers, one more compared to the
browser-based model.

The hidden dense layer in the node-based model has more units (512) com-
pared to the counterpart in the browser-based model (100).

Overall, the node-based model has about 18 times as many weight parameters
as the browser-based model.

The node-based model has two dropout layers inserted between the flatten and
dense layers.

The first three differences in this list give the node-based model a higher capacity
than the browser-based model. They are also what make the node-based model too
memory- and computation-intensive to be trained with acceptable speed in the
browser. As we learned in chapter 3, with greater model capacity comes a greater risk
of overfitting. The increased risk of overfitting is ameliorated by the fourth difference,
namely, the inclusion of dropout layers.

REDUCING OVERFITTING WITH DROPOUT LAYERS

Dropout is yet another new TensorFlow.js layer type you have encountered in this
chapter. It is one of the most effective and widely used ways to reduce overfitting in
deep neural networks. Its functionality can be described simply:

During the training phase (during Model.fit () calls), it randomly sets a frac-
tion of the elements in the input tensor as zero (or “dropped”), and the result is
the output tensor of the dropout layer. For the purpose of this example, a drop-
out layer has only one configuration parameter: the dropout rate (for example,
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the two rate fields as shown in listing 4.5). For example, suppose a dropout
layer is configured to have a dropout rate of 0.25, and the input tensor is a 1D
tensor of value [0.7, -0.3, 0.8, -0.4]; the output tensor may be [0.7,
-0.3, 0.0, 0.4]—with 25% of the input tensor’s elements selected at random
and set to the value 0. During backpropagation, the gradient tensor on a drop-
out layer is affected similarly by this random zeroing-out.

During the inference phase (during Model.predict () and Model.evaluate ()
calls), a dropout layer does not randomly zero-out elements in the input tensor.
Instead, the input is simply passed through as the output without change (that
is, an identity mapping).

Figure 4.11 shows an example of how a dropout layer with a 2D input tensor works at

training time and testing time.

-1

-1

-1

-1 | -
Training
phase 4 1
-1 0
-1
0 3
1
2
-1 -1 Figure 4.11 An example of how a dropout layer
3 works. In this example, the input tensor is 2D and
4 1 has a shape of [4, 2].The dropout layer has its rate
configured as 0.25, which leads to 25% (that is, two
Inference 1 2 out of eight) elements of the input tensor being
phase randomly selected and set to zero during the training
1 3 phase. During the inference phase, the layer acts as
a trivial passthrough.

It might seem strange that such a simple algorithm is one of the most effective ways of
fighting overfitting. Why does it work? Geoff Hinton, the inventor of the dropout
algorithm (among many other things in neural networks) says he was inspired by a

mechanism used by some banks to prevent fraud by employees. In his own words,

I went to my bank. The tellers kept changing, and I asked one of them why. He said he
didn’t know, but they got moved around a lot. I figured it must be because it would
require cooperation between employees to successfully defraud the bank. This made me
realize that randomly removing a different subset of neurons on each example would
prevent conspiracies and thus reduce overfitting.

To put this into the lingo of deep learning, introducing noise in the output values of a
layer breaks up happenstance patterns that aren’t significant with regard to the true
patterns in the data (what Hinton refers to as “conspiracies”). In exercise 3 at the end
of this chapter, you should try removing the two dropout layers from the node-based
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convnet in model,js, train the model again, and see how the training, validation, and
evaluation accuracies change as a result.

Listing 4.6 shows the key code we use to train and evaluate the enhanced convnet.
If you compare the code here with that in listing 4.2, you can appreciate the similarity
between the two chunks of code. Both are centered around Model.fit() and
Model.evaluate () calls. The syntax and style are identical, except with regard to how
the loss value, accuracy value, and training progress are rendered or displayed on dif-
ferent user interfaces (terminal versus browser).

This shows an important feature of TensorFlow.js, a JavaScript deep-learning frame-
work that straddles the frontend and the backend:

As far as the creation and training of models is concerned, the code you write in
TensorFlow.js is the same regardless of whether you are working with the web browser or
with Node.js.

Listing 4.6 Training and evaluating the enhanced convnet in tfjs-node

await model.fit(trainImages, trainLabels, {
epochs,
batchSize,
validationSplit

)i

const {images: testImages, labels: testLabels} = data.getTestDatal() ;

const evalOutput = model.evaluate .
Evaluates the model using

testImages, testlabels); data the model hasn’t seen

console.log('\nEvaluation result:')
console.log(

Loss = ${evalOutput[0].dataSync() [0].toFixed(3)}; *+
“Accuracy = S${evalOutput[l].dataSync () [0].toFixed(3)}");

Saving the model from Node.js and loading it in the browser

Training your model consumes CPU and GPU resources and takes some time. You
don’t want to throw away the fruit of training. Without saving the model, you would
have to start from scratch the next time you run main.js. This section shows how to
save the model after training and export the saved model as files on the disk (called a
checkpoint or an artifact). We will also show you how to import the checkpoint in the
browser, reconstitute it as a model, and use it for inference. The final part of the
main () function in main.js consists of the model-saving code in the following listing.

Listing 4.7 Saving the trained model to the file system in tfjs-node

if (modelSavePath != null) {
await model.save( file://${modelSavePath} ) ;
console.log (" Saved model to path: ${modelSavePath}');
}

The save () method of the model object is used to save the model to a directory on
your file system. The method takes a single argument, which is a URL string that begins
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with the scheme file://. Note that it is possible to save the model on the file system
because we are using tfjsnode. The browser version of TensorFlow.js also provides the
model.save () API but cannot access the machine’s native file system directly because
the browser forbids that for security reasons. Non-file-system saving destinations (such
as the browser’s local storage and IndexedDB) will have to be used if we are using
TensorFlow.js in the browser. Those correspond to URL schemes other than file://.

model.save() is an asynchronous function because it involves file or network
input-output in general. Therefore, we use await on the save () call. Suppose model-
SavePath has a value /tmp/tfjs-node-mnist; after the model.save() call completes,
you can examine the content of the directory,

ls -1h /tmp/tfjs-node-mnist
which may print a list of files like the following:

-rw-r--r-- 1 user group 4.6K Aug 14 10:38 model.json
-rw-r--r-- 1 user group 2.3M Aug 14 10:38 weights.bin

There, you can see two files:

model.json is a JSON file that contains the model’s saved topology. What’s
referred to as “topology” here includes the types of layers that form the model,
their respective configuration parameters (such as filters for a conv2d layer
and rate for a dropout layer), as well as the way in which the layers connect to
each other. The connections are simple for the MNIST convnet because it is a
sequential model. We will see models with less trivial connection patterns,
which can also be saved to disk with model.save().

In addition to the model topology, model.json also contains a manifest of the
model’s weights. That part lists the names, shapes, and data types of all the
model’s weights, in addition to the locations at which the weight values are
stored. This brings us to the second file: weights.bin.

As its name indicates, weights.bin is a binary file that stores all the model’s
weight values. It is a flat binary stream without demarcation of where the indi-
vidual weights begin and end. That “metainformation” is available in the
weights-manifest part of the JSON object in model.json.

To load the model using tfjs-node, you can use the tf.loadLayersModel () method,
pointing to the location of the model.json file (not shown in the example code):

const loadedModel = await tf.loadLayersModel ('file:///tmp/tfjs-node-mnist');

tf.loadLayersModel () reconstitutes the model by deserializing the saved topology
data in model.json. Then, tf.loadLayersModel () reads the binary weight values in
weights.bin using the manifest in model.json and force-sets the model’s weight to
those values. Like model.save (), tf.loadLayersModel () is asynchronous, so we use
await when calling it here. Once the call returns, the loadedModel object is, for all
intents and purposes, equivalent to the model created and trained using the Java-
Script code in listings 4.5 and 4.6. You can print a summary of the model by calling its
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summary () method, use it to perform inference by calling its predict () method, eval-
uate its accuracy by using the evaluate () method, or even retrain it using the fit ()
method. If so desired, the model can also be saved again. The workflow of retraining
and resaving a loaded model will be relevant when we talk about transfer learning in
chapter 5.

What’s said in the previous paragraph applies to the browser environment as well.
The files you saved can be used to reconstitute the model in a web page. The reconsti-
tuted model supports the full tf.LayersModel () workflow, with the caveat that, if you
retrain the entire model, it will be especially slow and inefficient due to the large size
of the enhanced convnet. The only thing that’s fundamentally different between load-
ing a model in tfjs-node and in the browser is that you should use a URL scheme other
than file:// in the browser. Typically, you can put the model.json and weights.bin files
as static asset files on an HTTP server. Suppose your hostname is localhost and your
files are seen under the server path my/models/; you can use the following line to
load the model in the browser:

const loadedModel =
await tf.loadLayersModel ('http:///localhost/my/models/model.json') ;
When handling HTTP-based model loading in the browser, tf.loadLayersModel ()

calls the browser’s built-in fetch function under the hood. Therefore, it has the follow-
ing features and properties:

Both http:// and https:// are supported.

Relative server paths are supported. In fact, if a relative path is used, the http://
or https:// part of the URL can be omitted. For example, if your web page is at
the server path my/index.html, and your model’s JSON file is at my/models/
model.json, you can use the relative path model/model.json:

const loadedModel = await tf.loadLayersModel ('models/model.json') ;

To specify additional options for the HTTP/HTTPS requests, the
tf.io.browserHTTPRequest () method should be used in lieu of the string
argument. For example, to include credentials and headers during model load-
ing, you can do something like

const loadedModel = await tf.loadLayersModel (tf.io.browserHTTPRequest (

'http://foo.bar/path/to/model.json',
{credentials: 'include',6 headers: {'key_1': 'value_1'}}));

Spoken-word recognition:
Applying convnets on audio data

So far, we have shown you how to use convnets to perform computer-vision tasks. But
human perception is not just vision. Audio is an important modality of perceptual
data and is accessible via browser APIs. How to recognize the content and meaning of
speech and other kinds of sounds? Remarkably, convnets not only work for computer
vision, but also help audio-related machine learning in a significant way.
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In this section, you will see how we can solve a relatively simple audio task with a
convnet similar to the one we built for MNIST. The task is to classify short snippets of
speech recordings into 20 or so word categories. This task is simpler than the kind of
speech recognition you may see in devices such as Amazon Echo and Google Home.
In particular, those speech-recognition systems involve larger vocabularies than the
one used in this example. Also, they process connected speech consisting of multiple
words spoken in succession, whereas our example deals with words spoken one at a
time. Therefore, our example doesn’t qualify as a “speech recognizer;” instead, it is
more accurately described as a “word recognizer” or “speech-command recognizer.”
However, our example still has practical uses (such as hands-free Uls and accessibility
features). Also, the deep-learning techniques embodied in this example actually form
the basis of more advanced speech-recognition systems.’

4.4.1 Spectrograms: Representing sounds as images

As in any deep-learning application, if you want to understand how the model works,
you need to understand the data first. To understand how audio convnets work, we
need to first look at how sound is represented as tensors. Recall from high school
physics that sounds are patterns of air-pressure changes. A microphone picks up the
air-pressure changes and converts them to electrical signals, which can in turn be digi-
tized by a computer’s sound card. Modern web browsers feature the WebAudio API,
which talks to the sound card and provides real-time access to the digitized audio sig-
nals (with permission granted by the user). So, from a JavaScript programmer’s point
of view, sounds are arrays of real-valued numbers. In deep learning, such arrays of
numbers are usually represented as 1D tensors.

You might be wondering, how can the kinds of convnets we have seen so far work
on 1D tensors? Aren’t they supposed to operate on tensors that are at least 2D? The
key layers of a convnet, including conv2d and maxPooling2d, exploit spatial relations
in 2D spaces. It turns out that sounds can be represented as special types of images
called spectrograms. Spectrograms not only make it possible to apply convnets on
sounds but also have theoretical justifications beyond deep learning.

As figure 4.12 shows, a spectrogram is a 2D array of numbers, which can be shown
as grayscale images pretty much in the same way as MNIST images. The horizontal
dimension is time, and the vertical one is frequency. Each vertical slice of a spectro-
gram is the spectrum of the sound inside a short time window. A spectrum is a decom-
position of a sound into different frequency components, which can be roughly
understood as different “pitches.” Just as light can be divided by a prism into multiple
colors, sound can be decomposed by a mathematical operation called Fourier transform
into multiple frequencies. In a nutshell, a spectrogram describes how the frequency
content of sound changes over a number of successive, short time windows (usually on
the order of 20 milliseconds).

9 Ronan Collobert, Christian Puhrsch, and Gabriel Synnaeve, “Wav2Letter: An End-to-End ConvNet-based
Speech Recognition System,” submitted 13 Sept. 2016, https://arxiv.org/abs/1609.03193.
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Spectrograms are a suitable representation of sound for the following reasons.
First, they save space: the number of float numbers in a spectrogram is usually a few
times less than the number of float values in the raw waveform. Second, in a loose
sense, spectrograms correspond to how hearing works in biology. An anatomical struc-
ture inside the inner ear called the cochlea essentially performs the biological version
of Fourier transform. It decomposes sounds into different frequencies, which are then
picked up by different sets of auditory neurons. Third, spectrogram representation of
speech sounds makes different types of speech sounds easier to distinguish from each
other. This is shown by the example speech spectrograms in figure 4.12: vowels and
consonants all have different defining patterns in their spectrograms. Decades ago,
prior to the wide adoption of machine learning, people working on speech recogni-
tion actually tried to handcraft rules that detect different vowels and consonants from
spectrograms. Deep learning saves us the trouble and tears of such handcrafting.

“zer0”

F F
requency 2 irr . oou . requency vy e . s
5 kHz

0 ' ' o ' 1 sec 0 ' ' ' ' 1 sec

Figure 4.12 Example spectrograms of the isolated spoken words “zero” and “yes.” A spectrogram is a joint time-
frequency representation of sound. You can think of a spectrogram as a sound represented as an image. Each slice
along the time axis (a column of the image) is a short moment (frame) in time; each slice along the frequency axis
(a row of the image) corresponds to a particular narrow range of frequency (pitch). The value at each pixel of the
image represents the relative energy of the sound in the given frequency bin at a given moment in time. The
spectrograms in this figure are rendered such that a darker shade of gray corresponds to a higher amount of energy.
Different speech sounds have different defining features. For example, sibilant consonants like “z” and “s” are
characterized by a quasi-steady-state energy concentrated at frequencies above 2-3 kHz; vowel sounds like “e”
and “o” are characterized by horizontal stripes (energy peaks) in the low end of the spectrum (< 3 kHz). These
energy peaks are called formants in acoustics. Different vowels have different formant frequencies. All these
distinctive features of different speech sounds can be used by a deep convnet for word recognition.

Let’s stop and think for a moment. Looking at the MNIST images in figure 4.1 and
the speech spectrograms in figure 4.12, you should be able to appreciate the similarity
between the two datasets. Both datasets contain patterns in a 2D feature space, which
a pair of trained eyes should be able to distinguish. Both datasets show some random-
ness in the detailed location, size, and details of the features. Finally, both are multi-
category classification tasks. While MNIST contains 10 possible classes, our speech-
commands dataset contains 20 (the 10 digits from 0 to 9, “up,” “down,” “left,” “right,”
“go,” “stop,” “yes,” and “no,” in addition to the category of “unknown” words and
background noise). It is exactly these similarities in the essence of the datasets that

make convnets suitable for the speech-command-recognition task.
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But there are also some noticeable differences between the two datasets. First, the
audio recordings in the speech-command dataset are somewhat noisy, as you can see
from the speckles of dark pixels that don’t belong to the speech sound in the example
spectrograms in figure 4.12. Second, every spectrogram in the speech-command data-
set has a size of 43 x 232, which is significantly larger compared to the 28 x 28 size of
the individual MNIST images. The size of the spectrogram is asymmetric between the
time and frequency dimensions. These differences will be reflected by the convnet we
will use on the audio dataset.

The code that defines and trains the speech-commands convnet lives in the tfjs-
models repo. You can access the code with the following commands:
git clone https://github.com/tensorflow/tfjs-models.git
cd speech-commands/training/browser-£fft
The creation and compilation of the model is encapsulated in the createModel ()
function in model.ts.

Listing 4.8 Convnet for classifying spectrograms of speech commands

function createModel (inputShape: tf.Shape, numClasses: number) {

const model = tf.sequential();
model.add (tf.layers.conv2d({ < Repeating motifs of
filters: 8, P s

: conv2d +maxPooling2d
kernelSize: [2, 8],

activation: 'relu',
inputShape
1))
model.add (tf.layers.maxPooling2d({poolSize: [2, 2], strides: [2, 2]1}));
model .add ( tf.layers.conv2d({
filters: 32,
kernelSize: [2, 4],
activation: 'relu'
1))
model.add (tf.layers.maxPooling2d({poolSize: [2, 2], strides: [2, 2]1}));
model.add (
tf.layers.conv2d({
filters: 32,
kernelSize: [2, 4],
activation: 'relu'
1))
model.add(tf.layers.maxPooling2d({poolSize: [2, 2], strides: [2, 21}));
model .add (
tf.layers.conv2d({
filters: 32,

Multilayer kernelSize: [2, 4],
perceptron activation: 'relu'
begins 1))

.layers.maxPooling2d({poolSize: [2, 2], strides: [1, 2]}));
.layers.flatten());

.layers.dropout ({rate: 0.25})); <
.layers.dense ({units: 2000, activation: 'relu'}));
.layers.dropout ({rate: 0.5}));

Uses dropout to
reduce overfitting
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model.add (tf.layers.dense({units: numClasses, activation: 'softmax'}));

model . compile ({ ) Configures loss and metric for
loss: 'categoricalCrossentropy', mukkaﬂgorychsﬁﬁcaﬁon
optimizer: tf.train.sgd(0.01),
metrics: ['accuracy']

;léel.summary();

return model;
}
The topology of our audio convnet looks a lot like the MNIST convnets. The sequen-
tial model begins with several repeating motifs of conv2d layers paired with max-
Pooling2d layers. The convolution-pooling part of the model ends at a flatten layer,
on top of which an MLP is added. The MLP has two dense layers. The hidden dense
layer has a relu activation, and the final (output) one has a softmax activation that
suits the classification task. The model is compiled to use categoricalCrossentropy
as the loss function and emit the accuracy metric during training and evaluation. This
is exactly the same as the MNIST convnets because both datasets involve multicate-
gory classification. The audio convnet also shows some interesting differences from
the MNIST one. In particular, the kernelsize properties of the conv2d layers are rect-
angular (for instance, [2, 8]) instead of square-shaped. These values are selected to
match the nonsquare shape of the spectrograms, which have a larger frequency
dimension than the temporal dimension.

To train the model, you need to download the speech-command dataset first. The
dataset originated from the speech-commands dataset collected by Pete Warden, an
engineer on the Google Brain team (see www.tensorflow.org/tutorials/sequences/
audio_recognition). It has been converted to a browser-specific spectrogram format:

curl -fSsL https://storage.googleapis.com/learnjs-data/speech-
commands/speech-commands-data- v0.02-browser.tar.gz -o speech-commands-
data-v0.02-browser.tar.gz &&

tar xzvf speech-commands-data-v0.02-browser.tar.gz

These commands will download and extract the browser version of the speech-
command dataset. Once the data has been extracted, you can kick off the training
process with this command:
yarn
varn train \

speech-commands-data-browser/ \

/tmp/speech-commands-model/
The first argument to the yarn train command points at the location of the training
data. The following arguments specify the path at which the model’s JSON file will be
saved, together with the weight file and the metadata JSON file. Just like when we
trained the enhanced MNIST convnet, the training of the audio convnet happens in
tfjs-node, with the potential to utilize GPUs. Because the sizes of the dataset and the
model are larger than the MNIST convnet, the training will take longer (on the order
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of a few hours). You can get a significant speedup of the training if you have a CUDA
GPU and change the command slightly to use tfjs-node-gpu instead of the default tfjs-
node (which runs on a CPU only). To do that, just add the flag --gpu to the previous
command:

yvarn train \
--gpu \
speech-commands-data-browser/ \
/tmp/speech-commands-model /
When the training ends, the model should achieve a final evaluation (test) accuracy of
approximately 94%.

The trained model is saved at the path specified by the flag in the previous com-
mand. Like the MNIST convnet we trained with tfjs-node, the saved model can be
loaded in the browser for serving. However, you need to be familiar with the Web-
Audio API to be able to acquire data from the microphone and preprocess it into a
format that can be used by the model. For your convenience, we wrote a wrapper class
that not only loads a trained audio convnet, but also takes care of the data ingestion
and preprocessing. If you are interested in the mechanisms of the audio data input
pipeline, you can study the underlying code in the tfjssmodel Git repository, in the
folder speech-commands/src. The wrapper is available via npm under the name
@tensorflow-models/speech-commands. Listing 4.9 shows a minimal example of how
the wrapper class can be used to perform online recognition of speech-command
words in the browser.

In the speech-commands/demo folder of the tfjs-models repo, you can find a less
barebones example of how to use the package. To clone and run the demo, run the
following commands under the speech-commands directory:
git clone https://github.com/tensorflow/tfjs-models.git
cd tfjs-models/speech-commands
yvarn && yarn publish-local
cd demo
varn && yarn link-local && yarn watch
The yarn watch command will automatically open a new tab in your default web
browser. In order to see the speech-command recognizer in action, make sure your
machine has a microphone ready (which most laptops do). Each time a word within
the vocabulary is recognized, it will be displayed on the screen along with the one-
second-long spectrogram that contains the word. So, this is browser-based, single-word
recognition in action, powered by the WebAudio API and a deep convnet. Surely it
doesn’t have the ability to recognize connected speech with grammar? That will
require help from other types of neural network building blocks capable of processing
sequential information. We will visit those in chapter 8.
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Listing 4.9 Example usage of the @tensorflow-models/speech-commands module

Creates an instance of the speech-
command recognizer that uses the
browser’s built-in fast Fourier
transform (FFT)

Imports the speech-commands
module. Make sure it is listed as a
dependency in package.json.

import * as SpeechCommands from

'@tensorflow-models/speech-commands' ; You can examine what word labels

(including the “background-noise”

const recognizer = fmd “unknown” Iabglf) the model
SpeechCommands.create ('BROWSER_FFT'); <— |scapaHeofnxogmnng

console.log(recognizer.wordLabels()) ;

——1> recognizer.listen (result => {
let maxIndex; result.scores contains the
let maxScore = -Infinity; probability scores that correspond
result.scores.forEach((score, i) => { to recognizer.wordLabels().

if (score > maxScore) {

maxIndex = i; Finds the index of the word

maxScore = score; with the highest score

}
)i
console.log( Detected word ${recognizer.wordLabels () [maxIndex]}");
oo Aq
probabilityThreshold: 0.75
)i

setTimeout ( () => recognizer.stopStreaming(), 10e3); Q‘Stopstheonﬁne

Starts online streaming recognition. The first streaming recognition
argument is a callback, which will be invoked in 10 seconds
anytime a non-background-noise, non-unknown

word is recognized with a probability above the

threshold (0.75 in this case).

Exercises

1 The convnet for classifying MNIST images in the browser (listing 4.1) has two
groups of conv2d and maxPooling2d layers. Modify the code to reduce the
number to only one group. Answer the following questions:

a How does that affect the total number of trainable parameters of the convnet?

b How does that affect the training speed?

¢ How does that affect the final accuracy obtained by the convnet after
training?

2 This exercise is similar to exercise 1. But instead of playing with the number of
conv2d-maxPooling2d layer groups, experiment with the number of dense lay-
ers in the MLP part of the convnet in listing 4.1. How do the total number of
parameters, training speed, and final accuracy change if you remove the first
dense layer and keep only the second (output) one?
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Remove dropout from the convnet in mnist-node (listing 4.5), and see what
happens to the training process and the final test accuracy. Why does that hap-
pen? What does that show?

As practice using the tf.browser.fromPixels() method to pull image data
from image- and video-related elements of a web page, try the following:

Use tf.browser.fromPixels() to get a tensor representing a color JPG

image by using an img tag.

— What are the height and width of the image tensor returned by
tf.browser.fromPixels ()? What determines the height and width?

— Resize the image to a fixed dimension of 100 x 100 (height x width) using
tf.image.resizeBilinear ().

— Repeat the previous step, but using the alternative resizing function
tf.image.resizeNearestNeighbor () instead. Can you spot any differ-
ences between the results of these two resizing functions?

Create an HTML canvas and draw some arbitrary shapes in it using functions

such as rect (). Or, if you wish, you can use more advanced libraries such as

d3.js or three.js to draw more complicated 2D and 3D shapes in it. Then, get
the image tensor data from the canvas using tf.browser.fromPixels ().

Summary

Convnets extract 2D spatial features from input images with a hierarchy of
stacked conv2d and maxPooling2d layers.

conv2d layers are multichannel, tunable spatial filters. They have the properties
of locality and parameter sharing, which make them powerful feature
extractors and efficient representational transforms.

maxPooling2d layers reduce the size of the input image tensor by calculating
the maximum within fixed-size windows, achieving better positional invariance.
The conv2d-maxPooling2d “tower” of a convnet usually ends in a flatten layer,
which is followed by an MLP made of dense layers for classification or regres-
sion tasks.

With its restricted resources, the browser is only suitable for training small mod-
els. To train larger models, it is recommended you use tfjs-node, the Node.js
version of TensorFlow js; tfjs-node can use the same CPU- and GPU-parallelized
kernels used by the Python version of TensorFlow.

With greater model capacities comes greater risks of overfitting. Overfitting can
be ameliorated by adding dropout layers in a convnet. Dropout layers randomly
zero-out a given fraction of the input elements during training.

Convnets are useful not only for computer vision tasks. When audio signals are
represented as spectrograms, convnets can be applied on them to achieve good
classification accuracies as well.



Transfer learning: Reusing
pretrained neural networks

This chapter covers

= What transfer learning is and why it is better than training
models from scratch for many types of problems

= How to leverage the feature-extraction power of state-of-the-
art pretrained convnets by converting them from Keras to
TensorFlow.js

= The detailed mechanisms of transfer-learning techniques
including layer freezing, creating new transfer heads, and
fine-tuning

= How to use transfer learning to train a simple object-
detection model in TensorFlow.js

In chapter 4, we saw how to train convnets to classify images. Now consider the fol-
lowing scenario. Our convnet for classifying handwritten digits performs poorly
for a user because their handwriting is very different from the original training
data. Can we improve the model to serve the user better by using a small amount
of data (say, b0 examples) we can collect from them? Consider another scenario:

152
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an e-commerce website wishes to automatically classify pictures of commodity items
uploaded by users. But none of the publicly available convnets (such as MobileNet')
are trained on such domain-specific images. Is it possible to use a publicly available
image model to address the custom classification problem, given a modest number
(say, a few hundred) of labeled pictures?

Fortunately, a technique called transfer learning, the main focus of this chapter, can
help solve tasks like these.

5.1 Introduction to transfer learning:
Reusing pretrained models

In essence, transfer learning is about speeding up a new learning task by reusing the
results of previous learning. It involves using a model already trained on a dataset to
perform a different but related machine-learning task. The already-trained model is
referred to as the base model. Transfer learning sometimes involves retraining the base
model and sometimes involves creating a new model on top of the base model. We
refer to the new model as the transfer model. As figure 5.1 shows, the amount of data
used for this retraining process is usually much smaller compared to the data that went
into training the base model (as with the two examples given at the beginning of this
chapter). As such, transfer learning is often much less time- and resource-consuming
compared to the base model’s training process. This makes it feasible to perform trans-
fer learning in a resource-restricted environment like the browser using TensorFlow.js.
And thus transfer learning is an important topic for TensorFlow.js learners.

[0)
Transfer
- > Initial learning
Large training Base (faster and lighter)
dataset (long and heavy) model New model
[ )
(

—
Smaller
Figure 5.1 The general workflow of transfer learning. A large dataset goes into the training of the
base model. This initial training process is often long and computationally heavy. The base model is
then retrained, possibly by becoming part of a new model. The retraining process usually involves a
dataset much smaller than the original one. The computation involved in the retraining is significantly

less than the initial training and can happen on an edge device, such as a laptop or a phone running
TensorFlow.js.

! Andrew G. Howard et al., “MobileNets: Efficient Convolutional Neural Networks for Mobile Vision Applica-
tions,” submitted 17 Apr. 2017, https://arxiv.org/abs/1704.04861.
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The key phrase “different but related” in the description of transfer learning can
mean different things in different cases:

The first scenario mentioned at the beginning of this chapter involves adapting
amodel to the data from a specific user. Although the data is different from the
original training set, the task is exactly the same—classifying an image into the
10 digits. This type of transfer learning is referred to as model adaptation.

Other transfer-learning problems involve targets (labels) that are different from
the original ones. The commodity image-classification scenario mentioned at
the beginning of this chapter belongs to this category.

What is the advantage of transfer learning over training a new model from scratch?
The answer is two-fold:

Transfer learning is more efficient in terms of both the amount of data it
requires and the amount of computation it takes.

It builds on the gains of previous training by reusing the feature-extracting
power of the base model.

These points are valid regardless of the type of problem (for instance, classification
and regression). On the first point, transfer learning uses the trained weights from the
base model (or a subset of them). As a result, it requires less training data and training
time to converge to a given level of accuracy compared to training a new model from
scratch. In this regard, transfer learning is analogous to how humans learn new tasks:
once you have mastered a task (playing a card game, for example), learning similar
tasks (such as playing similar card games) becomes significantly easier and faster in
the future. The saved cost of training time may seem relatively small for a neural net-
work like the convnet we built for MNIST. However, for larger models trained on
larger datasets (such as industrial-scale convnets trained on terabytes of image data),
the savings can be substantial.

On the second point, the core idea of transfer learning is reusing previous training
results. Through learning from a very large dataset, the original neural network has
become very good at extracting useful features from the original input data. These
features will be useful for the new task as long as the new data in the transfer-learning
task is not too different from the original data. Researchers have assembled very large
datasets for common machine-learning domains. In computer vision, there is Image-
Net,? which contains millions of labeled images from about a thousand categories.
Deep-learning researchers have trained deep convnets using the ImageNet dataset,
including ResNet, Inception, and MobileNet (the last of which we will soon lay our
hands on). Due to the large number and diversity of the images in ImageNet, convnets
trained on it are good feature extractors for general types of images. These feature
extractors will be useful for working with small datasets like those in the aforemen-
tioned scenarios, but training such effective feature extractors is impossible with small

2 Don’t be confused by the name. “ImageNet” refers to a dataset, not a neural network.
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datasets like those. Opportunities for transfer learning exist in other domains as well.
For example, in natural language processing, people have trained word embeddings
(that is, vector representation of all common words in a language) on large text cor-
pora consisting of billions of words. These embeddings are useful for language-under-
standing tasks where much smaller text datasets are available. Without further ado,
let’s see how transfer learning works in practice through an example.

Transfer learning based on compatible output shapes:
Freezing layers

Let’s start by looking at a relatively simple example. We will train a convnet on only

the first five digits of the MNIST dataset (0 through 4). We will then use the resulting

model to recognize the remaining five digits (5 through 9), which the model never

saw during the original training. Although this example is somewhat contrived, it illus-

trates the basic workflow of transfer learning. The example can be checked out and

run with the following commands:

git clone https://github.com/tensorflow/tfjs-examples.git

cd tfjs-examples/mnist-transfer-cnn

varn && yarn watch

In the demo web page that opens, start the transfer learning process by clicking the

Retrain button. You can see the process reach an accuracy of about 96% on the new set

of five digits (5 through 9), which takes about 30 seconds on a reasonably powerful lap-

top. As we will show, this is significantly faster than the non-transfer-learning alternative

(namely, training a new model from scratch). Let’s see how this is done, step-by-step.
Our example loads the pretrained base model from an HTTP server instead of

training it from scratch so as not to obscure the workflow’s key parts. Recall from sec-

tion 4.3.3 that TensorFlow.js provides the tf.loadLayersModel () method for loading

pretrained models. This is called in the loader js file:

const model = await tf.loadLayersModel (url) ;

model.summary () ;

The printed summary of the model looks like figure 5.2. As you can see, this model

consists of 12 layers.3 All its 600,000 or so weight parameters are trainable, just like all

the TensorFlow.js models we have seen so far. Note that loadLayersModel () loads not

only the model’s topology but also all its weight values. As a result, the loaded model is

ready to predict the class of digits 0 through 4. However, this is not how we will use the

model. Instead, we will train the model to recognize new digits (5 through 9).

* You may not have seen the activation layer type in this model. Activation layers are simple layers that perform
only an activation function (such as relu and softmax) on the input. Suppose you have a dense layer with the
default (linear) activation; stacking an activation layer on top of it is equivalent to using a dense layer with the
nondefault activation included. The latter is what we did for the examples in chapter 4. But the former style
is also sometimes seen. In TensorFlow.js, you can get such a model topology by using code like the following:
const model = tf.sequential(); model.add(tf.layers.dense({untis: 5, inputShape}));
model.add (tf.layers.activation({activation: 'relu'}).


https://github.com/tensorflow/tfjs-examples.git

156

CHAPTER 5 Transfer learning: Reusing pretrained neural networks

Layer (type) Output shape Param #

conv2d_1 (Conv2D) [null,26,26,32] 320 N

activation_1 (Activation) [null,26,26,32] 0

conv2d_2 (Conv2D) [null,24,24,32] 9248

activation 2 (Activation) [null,24,24,32] 0 Will be set as untrainable
(frozen) during

max_pooling2d 1 (MaxPooling2 [null,12,12,32] 0 transferlearning

dropout_1 (Dropout) [null,12,12,32] 0

flatten 1 (Flatten) [null, 4608] 0

dense_1 (Dense) [null,128] 589952 J

activation_3 (Activation) [null,128] 0

dropout_2 (Dropout) [null,128] 0

dense_2 (Dense) [null,5] 645

activation_4 (Activation) [null,5] 0

Total params: 600165
Trainable params: 600165
Non-trainable params: 0

Figure 5.2 A printed summary of the convnet for recognition of MNIST images and transfer learning

Looking at the callback function for the Retrain button (in the retrainModel () func-
tion of index.js), you will notice a few lines of code that set the trainable property of
the first seven layers of the model to false if the option Freeze Feature Layers is
selected (it is selected by default).

What does that do? By default, the trainable property of each of the model’s lay-
ers is true after the model is loaded via the loadLayersModel () method or created
from scratch. The trainable property is used during training (that is, calls to the
fit() or fitDataset() method). It tells the optimizer whether the layer’s weights
should be updated. By default, the weights of all layers of a model are updated during
training. But if you set the property to false for some of the model’s layers, the
weights of those layers will not be updated during training. In TensorFlow.js terminol-
ogy, those layers become untrainable, or frozen. The code in listing 5.1 freezes the first
seven layers of the model, from the input conv2d layer to the flatten layer, while leav-
ing the last several layers (the dense layers) trainable.

Listing 5.1 “Freezing” the first several layers of the convnet for transfer learning

const trainingMode = ui.getTrainingMode () ;

if (trainingMode === 'freeze-feature-layers') {
console.log('Freezing feature layers of the model.');
for (let i = 0; 1 < 7; ++1i) {



Introduction to transfer learning: Reusing pretrained models 157

this.model.layers[i].trainable = false; < Freezesthelayer
}
} else if (trainingMode === 'reinitialize-weights') { Makes a new model
const returnString = false ; with the same topology
this.model = await tf.models.modelFromJSON ({ as the old one, but

modelTopology: this.model.toJSON(null, returnString) with reinitialized
1) weight values

}
this.model.compile ({

loss: 'categoricalCrossentropy', The freezing will not take effect
optimizer: tf.train.adam(0.01), during fit() calls unless you
metrics: ['acc'], compile the model first.

)i
) Prints the model summary again

this.model.summary () ; after compile(). You should see that
a number of the model’s weights
have become nontrainable.

However, setting the layers’ trainable property alone is not enough: if you just mod-
ify the trainable property and call the model’s fit () method right away, you will see
the weights of those layers still get updated during the fit () call. You need to call
Model.compile() before calling Model.fit () in order for the trainable property
changes to take effect, as is done in listing 5.1. We mentioned previously that
the compile () call configures the optimizer, loss function, and metrics. However, the
method also lets the model refresh the list of weight variables to be updated during
those calls. After the compile () call, we call summary () again to print a new summary
of the model. As you can see by comparing the new summary with the old one in fig-
ure 5.2, some of the model’s weights become nontrainable:

Total params: 600165

Trainable params: 590597

Non-trainable params: 9568

You can verify that the number of nontrainable parameters, 9,568, is the sum of
weight parameters in the two frozen layers with weights (the two conv2d layers). Note
that some of the layers we’ve frozen contain no weights (such as the maxPooling2d
layer and the flatten layer) and therefore don’t contribute to the count of nontrain-
able parameters when they are frozen.

The actual transfer-learning code is shown in listing 5.2. Here, we use the same
fit () method that we’ve used to train models from scratch. In this call, we use the
validationData field to get a measure of how accurate the model is doing on data it
hasn’t seen during training. In addition, we connect two callbacks to the fit () call,
one for updating the progress bar in the Ul and the other for plotting the loss and
accuracy curves using the tfjs-vis module (more details coming in chapter 7). This
shows an aspect of the fit () API that we haven’t mentioned before: you can give a
callback or an array of multiple callbacks to a fit () call. In the latter case, all the call-
backs will be invoked (in the order they are specified in the array) during training.
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Listing 5.2 Using Model.fit () to perform transfer learning

await this.model.fit(this.gteb5TrainData.x, this.gte5TrainData.y, {
batchSize: batchSize,
epochs: epochs,
validationData: [this.gteb5TestData.x, this.gteb5TestData.y],
callbacks: [ <
uil.getProgressBarCallbackConfig (epochs),

Giving multiple callbacks to
a fit() call is allowed.

tfVis.show. fitCallbacks (surfaceInfo, ['val_loss', 'val_acc'], {
zoomToFit: true,
zoomToFitAccuracy: true,

height: 200, Uses tfjs-vis to plot the
callbacks: ['onEpochEnd'], validation loss and accuracy
1), during transfer learning

How does the result of the transfer learning turn out? As you can see in panel A of fig-
ure 5.3, it reaches an accuracy of around 0.968 after 10 epochs of training, which takes
roughly 15 seconds on a relatively up-to-date laptop—not bad. But how does this com-
pare to training a model from scratch? One way in which we can demonstrate the
value of starting from a pretrained model over starting from scratch is to do an exper-
iment in which we randomly reinitialize the weights of the pretrained model right
before the fit() call. This is what happens if you select the Reinitialize Weights
option from the Training Mode drop-down menu before clicking the Retrain button.
The result is shown in panel B of the same figure.

As you can see by comparing panel B with panel A, the random reinitialization of
the model weights causes the loss to start at a significantly higher value (0.36 versus
0.30) and the accuracy to start from a significantly lower value (0.88 versus 0.91). The
reinitialized model also ends up with a lower final validation accuracy (~0.954) than
the model that reuses weights from the base model (~0.968). These differences reflect
the advantage of transfer learning: by reusing weights in the early layers (the feature-
extracting layers) of the model, the model gets a nice head start relative to learning
everything from scratch. This is because the data encountered in the transfer-learning
task is similar to the data used to train the original model. The images of digits 5
through 9 have a lot in common with those of digits 0 through 4: they are all grayscale
images with a black background; they have similar visual patterns (strokes of compara-
ble widths and curvatures). So, the features the model learned how to extract from
digits 0 through 4 turn out to be useful for learning to classifying the new digits (5
through 9), too.

What if we don’t freeze the weights of the feature layers? The Don’t Freeze Feature
Layers option of the Training Mode drop-down menu allows you to perform this
experiment. The result is shown in panel C of figure 5.3. There are a few noteworthy
differences from the results in panel A:
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Figure 5.3 The loss and validation curves for transfer learning on the MNIST convnet. Panel A: the curves obtained
with the first seven layers of the pretrained model frozen. Panel B: the curves obtained with all the weights of the
model reinitialized randomly. Panel C: the curves obtained without freezing any layers of the pretrained model. Note
that the y-axes differ among the three panels. Panel D: a multiseries plot that shows the loss and accuracy curves
from panels A-C on the same axes to facilitate comparison.

= With no feature-layer freezing, the loss value starts off higher (for instance,
after the first epoch: 0.37 versus 0.27); the accuracy starts off lower (0.87 versus
0.91). Why is this the case? When the pretrained model is first starting to be
trained on the new dataset, the predictions will contain a large number of
errors because the pretrained weights generate essentially random predictions
for the five new digits. As a result, the loss function will have very high values
and steep slopes. This causes the gradients calculated in the early phases of the
training to be very large, which in turn leads to large fluctuations in all the
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model’s weights. As a result, all layers’ weights will undergo a period of large
fluctuations, which leads to the higher initial loss seen in panel C. In the nor-
mal transfer-learning approach (panel A), the model’s first few layers are frozen
and are therefore “shielded” from these large initial weight perturbations.
Partly due to these large initial perturbations, the final accuracy achieved by the
no-freezing approach (~0.945, panel C) is not appreciably higher compared to
that from the normal transfer-learning approach with layer freezing (~0.968,
panel A).

The training takes much longer when none of the model’s layers are frozen.
For example, on one of the laptops that we use, training the model with frozen
feature layers takes about 30 seconds, whereas training the model without any
layer freezing takes approximately twice as long (60 seconds). Figure 5.4 illus-
trates the reason behind this in a schematic way. The frozen layers are taken out
from the equation during backpropagation, which causes each batch of the
fit () call to go much faster.

A B

]

]

(s)

Frozen layers v
L loss [ - J— ‘ = . }l’[ J—{ J=—loss
@

Figure 5.4 A schematic explanation for why freezing some layers of a model speeds up training. In this figure,
the backpropagation path is shown by the black arrows pointing to the left. Panel A: when no layer is frozen, all
the model’s weights (v1-vs) need to be updated during each training step (each batch) and hence will be involved
in backpropagation, represented by the black arrows. Note that the features (x) and targets (y) are never included
in backpropagation because their values don’t need to be updated. Panel B: by freezing the first few layers of the
model, a subset of the weights (v1-v3) are no longer a part of backpropagation. Instead, they become analogous
to x and y, which are just treated as constants that factor into the computation of the loss. As a result, the amount
of computation it takes to perform the backpropagation decreases, and the training speed increases.

These points provide justification for the layer-freezing approach of transfer learning:
it leverages the feature-extracting layers from the base model and protects them from
large weight perturbations during the early phases of the new training, thereby achiev-
ing a higher accuracy in a shorter training period.

Two final remarks before we move on to the next section. First, model adaptation—
the process of retraining a model to make it work better on the input data from a par-
ticular user—uses techniques very similar to the ones shown here, that is, freezing the
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base layers while letting the weights of the top few layers be altered through training
on the user-specific data. This is despite the fact that the problem we solved in this sec-
tion didn’t involve data from a different user, but rather involved data with different
labels. Second, you might wonder how to verify that a weight of a frozen layer (the
conv2d layers, in this case) is indeed the same before and after a fit () call. It is not
very hard to do this verification. We leave it as an exercise for you (see exercise 2 at
the end of this chapter).

Transfer learning on incompatible output shapes:
Creating a new model using outputs from the base model

In the example of transfer learning seen in the previous section, the base model had
the same output shape as the new output shape. This property doesn’t hold in many
other transfer-learning cases (see figure 5.5). For example, if you want to use the base
model trained initially on the five digits to classify four new digits, the approach previ-
ously described will not work. A more common scenario is the following: given a deep
convnet that has been trained on the ImageNet classification dataset consisting of
1,000 output classes, you have an image-classification task at hand that involves a
much smaller number of output classes (case B in figure 5.5). Perhaps it is a binary-
classification problem—whether the image contains a human face or not—or perhaps
it is a multiclass-classification problem with only a handful of classes—what kind of
commodity item a picture contains (recall the example at the beginning of this chap-
ter). In such cases, the base model’s output shape doesn’t work for the new problem.

In some cases, even the #ype of machine-learning task is different from the one the
base model has been trained on. For instance, you can perform a regression task (pre-
dict a number, as in case C in figure 5.5) by applying transfer learning on the base
model trained on a classification task. In section 5.2, you will see a still more intrigu-
ing use of transfer learning—predicting an array of numbers, instead of a single one,
for the purpose of detecting and localizing objects in images.

These cases all involve a desired output shape that differs from that of the base
model. This makes it necessary to construct a new model. But because we are doing
transfer learning, the new model will not be created from scratch. Instead, it will use
the base model. We will illustrate how to do this in the webcam-transfer-learning
example in the tfjs-examples repository.

To see this example in action, make sure your machine has a front-facing camera—
the example will collect the data for transfer learning from the camera. Most laptops
and tablet computers come with a builtin front-facing camera nowadays. If you are
using a desktop computer, however, you may need to find a webcam and attach it to
the machine. Similar to the previous examples, you can use the following commands
to check out and run the demo:

git clone https://github.com/tensorflow/tfjs-examples.git
cd tfjs-examples/webcam-transfer-learning
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Figure 5.5 Transfer learning can be divided into three types according to whether the output shape
and activation of the new model are the same as or different from those of the original model. Case
A: the output shape and the activation function of the new model match those of the base model. The
transfer of the MNIST model onto new digits in section 5.1.1 is an example of this type of transfer
learning. Case B: the new model has the same activation type as the base model because the original
task and the new task are of the same type (for example, both are multiclass classification).
However, the output shapes are different (for instance, the new task involves a different number of
classes). Examples of this type of transfer learning can be found in section 5.1.2 (controlling a video
game in the style of Pac-Man™ * through a webcam) and 5.1.3 (recognizing a new set of spoken
words). Case C: the new task is of a different type from the original one (such as regression versus
classification). The object-detection model based on MobileNet is an example of this type.

This fun demo turns your webcam into a game controller by applying transfer learn-
ing on a TensorFlow.js implementation of MobileNet, and lets you play the Pac-Man
game with it. Let’s walk through the three steps it takes to run the demo: data collec-
tion, model transfer learning, and playing.

The data for transfer learning is collected from your webcam. Once the demo is
running in your browser, you will see four black squares in the bottom-right part of
the page. They are arranged in a way similar to the four direction buttons on a Nin-
tendo Family Computer controller. They correspond to the four classes that the
model will be trained to recognize in real time. These four classes correspond to the

4 Pac-Man is a trademark of Bandai Namco Entertainment Inc.
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four directions in which Pac-Man will go. When you click and hold one of them,
images will be collected via the webcam at a rate of 20-30 frames per second. A num-
ber beneath the square tells you how many images have been collected for this con-
troller direction so far.

For the best transfer-learning quality, make sure you 1) collect at least 50 images
per class, and 2) move and wiggle your head and face around a little bit during the
data collection so that the training images contain more diversity, which benefits the
robustness of the model you’ll get from the transfer learning. In this demo, most peo-
ple turn their heads in the four directions (up, down, left, and right; see figure 5.6) to
indicate which way Pac-Man should go. But you can use any head positions, facial
expressions, or even hand gestures that you desire as the input images, as long as the
inputs are sufficiently visually distinct from one class to another.

LOSS: 0.00010

7 7
7

Figure 5.6 The Ul of the webcam-transfer-learning example®

After collecting the training images, click the Train Model button, which will start the
transfer-learning process. Transfer learning should take only a few seconds. As it pro-
gresses, you should see the loss value displayed on the screen get smaller and smaller
until it reaches a very small positive value (such as 0.00010) and stops changing. At
this point, the transfer-learning model has been trained, and you can use it to play the
game. To start the game, just click the Play button and wait for game state to settle.
The model will then start performing real-time inference on the stream of images
from the webcam. At each video frame, the winning class (the class with the highest
probability score assigned by the transfer-learning model) will be indicated in the bot-
tom-right part of the UI with bright yellow highlighting. In addition, it will cause Pac-
Man to move in the corresponding direction (unless blocked by a wall).

® The UI of this webcam-transfer-learning example is the work of Jimbo Wilson and Shan Carter. A video
recording of this fun example in action is available at https://youtu.be/YB-kfeNIPCE?t=941.


https://youtu.be/YB-kfeNIPCE?t=941
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This demo might look like magic to those unfamiliar with machine learning, but it
is based on nothing more than a transfer-learning algorithm that uses MobileNet to
perform a four-class classification task. The algorithm uses the small amount of image
data collected through the webcam. Those images are conveniently labeled through
the click-and-hold action you performed while collecting the images. Thanks to the
power of transfer learning, this process doesn’t need much data or much training
time (it even works on a smartphone). So, that is how this demo works in a nutshell. If
you wish to understand the technical details, dive deep with us into the underlying
TensorFlow.js code in the next section.

DEEP DIVE INTO WEBCAM TRANSFER LEARNING

The code in listing 5.3 (from webcam-transfer-learning/index.js) is responsible for
loading the base model. In particular, we load a version of MobileNet that can run
efficiently in TensorFlowjs. Info box 5.1 describes how this model is converted from
the Keras deep-learning library in Python. As soon as the model is loaded, we use the
getLayer () method to get hold of one of its layers. getLayer () allows you to specify a
layer by its name ('conv_pw_13_relu' in this case). You may recall another way to
access a model’s layers from section 2.4.2—that is, by indexing into the model’s
layers attribute, which holds all the model’s layers as a JavaScript array. This
approach is easy to use only when the model consists of a small number of layers. The
MobileNet model we are dealing with here has 93 layers, which makes that approach
fragile (for example, what if more layers get added to the model in the future?).
Therefore, the name-based getLayer () approach is more reliable, if we assume the
authors of MobileNet will keep the names of the key layers unchanged when they
release new versions of the model.

Listing 5.3 Loading MobileNet and creating a “truncated” model from it

async function loadTruncatedMobileNet () {
const mobilenet = await tf.loadLayersModel (
'https://storage.googleapis.com/' +
'tfjs-models/tfjs/mobilenet_vl_0.25_224/model.json') ;

const layer = mobilenet.getlLayer (
'conv_pw_13_relu');
return tf.model ({
inputs: mobilenet.inputs,
outputs: layer.output

)i

Creates a new model that is the same
as MobileNet except that it ends at
the 'conv_pw_I3_relu' layer, that is,
with the last few layers (referred to as
the “head”) truncated

URLs under
storage.google.com/tfjs-
models are designed to be
permanent and stable.

Gets an intermediate layer of the MobileNet.
This layer contains features useful for the
custom image-classification task.
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INFO Box 5.1 Converting models from Python Keras into the TensorFlow
.js format

TensorFlow.js features a high degree of compatibility and interoperability with Keras,
one of the most popular Python deep-learning libraries. One of the benefits that
stems from this compatibility is that you can utilize many of the so-called “applica-
tions” from Keras. These applications are a set of pretrained deep convnets (see
https://keras.io/applications/). The authors of Keras have painstakingly trained
these convnets on large datasets such as ImageNet and made them available via the
library so that they are ready for reuse, including inference and transfer learning, as
we are doing here. For those who use Keras in Python, importing an application takes
just one line of code. Due to the interoperability previously mentioned, it is also easy
for a TensorFlow.js user to use these applications. Here are the steps it takes:

Make sure that the Python package called tensorflowjs is installed. The
easiest way to install it is via the pip command:

pip install tensorflowjs

Run the following code through a Python source file or in an interactive Python
REPL such as ipython:

import keras

import tensorflowjs as tfjs

model = keras.applications.mobilenet.MobileNet (alpha=0.25)
tfjs.converters.save_keras_model (model, '/tmp/mobilnet_0.25")

The first two lines import the required keras and tensorflowjs modules. The third
line loads MobileNet into a Python object (model). You can, in fact, print a summary
of the model in pretty much the same way as you print the summary of a Tensor-
Flow.js model: that is, model.summary (). You can see that the last layer of the
model (the model’s output) indeed has a shape of (None, 1000) (equivalent to
[null, 1000] in JavaScript), reflecting the 1,000-class ImageNet classification task
that the MobileNet model was trained on. The keyword argument alpha=0.25 that
we specified for this constructor call chooses a version of MobileNet that is smaller
in size. You may choose larger values of alpha (such as 0.75, 1), and the same
conversion code will continue to work.

The last line in the previous code snippet saves the model to the specified directory
on the disk using a method from the tensorflowjs module. After the line finishes run-
ning, there will be a new directory at /tmp/mobilenet_0.25, with content that looks
like

groupl-shardlof6
groupl-shard2of6

groupl-shard6of6
model. json


https://keras.io/applications/
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(continued)

This is exactly the same format as the one we saw in section 4.3.3, when we showed
how to save a trained TensorFlow.js model to disk using its save () method in the
Node.js version of TensorFlow.js. Therefore, to the TensorFlow.js-based programs
that load this converted model from disk, the saved format is identical to a model
created and trained in TensorFlow.js: it can simply call the tf.loadLayersModel ()
method and point at the path to the model.json file (either in the browser or in
Node.js), which is exactly what happens in listing 5.3.

The loaded MobileNet model is ready to perform the machine-learning task that the
model was originally trained on—classify input images into the 1,000 classes of the
ImageNet dataset. Note that this particular dataset has a heavy emphasis on ani-
mals, especially various breeds of cats and dogs (which is probably related to the
abundance of such images on the internet!). For those interested in this particular
usage, the MobileNet example in the tfjs-example repository illustrates how to do that
(https://github.com/tensorflow/tfjs-examples/tree/master/mobilenet). However, this
direct usage of MobileNet is not what we focus on in this chapter; instead, we explore
how to use the loaded MobileNet to perform transfer learning.

The tfjs.converters.save_keras_model () method shown previously is capable of
converting and saving not only MobileNet but also other Keras applications, such as
DenseNet and NasNet. In exercise 3 at the end of this chapter, you will practice con-
verting another Keras application (MobileNetV2) into the TensorFlow.js format and
loading it in the browser. Furthermore, it should be pointed out that tfjs.converters
.save_keras_model () is generally applicable to any model objects you have created
or trained in Keras, not just models from keras.applications.

What do we do with the conv_pw_13_relu layer once we get hold of it? We create a
new model that contains the layers of the original MobiletNet model from its first
(input) layer to the conv_pw_13_relu layer. This is the first time you see this kind of
model construction in this book, so it requires some careful explanation. For that, we
need to introduce the concept of a symbolic tensor first.

Creating models from symbolic tensors
You have seen tensors so far. Tensor is the basic data type (also abbreviated as diype) in
TensorFlow.js. A tensor object carries concrete numeric values of a given shape and
dtype, backed by storage on WebGL textures (if in a WebGL-enabled browser) or
CPU/GPU memory (if in Node.js). However, SymbolicTensor is another important
class in TensorFlow js. Instead of holding concrete values, a symbolic tensor specifies
only a shape and a dtype. A symbolic tensor can be thought of as a “slot” or a “place-
holder,” into which an actual tensor value may be inserted later, given that the tensor
value has a compatible shape and dtype. In TensorFlow.js, a layer or model object
takes one or more inputs (so far, you've only seen cases of one input), and those are
represented as one or more symbolic tensors.

Let’s use an analogy that might help you understand a symbolic tensor. Consider a
function in a programming language like Java or TypeScript (or any other statically
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typed language you are familiar with). The function takes one or more input argu-
ments. Each argument of a function has a type, which stipulates what kind of variables
may be passed in as the argument. However, the argument itself doesn’t hold any con-
crete values. By itself, the argument is just a placeholder. A symbolic tensor is analo-
gous to a function argument: it specifies what kind (combination of shape® and dtype)
of tensors may be used in that slot. By parallel, a function in a statically typed language
has a return type. This is comparable to the output symbolic tensor of a model or layer
object. It is a “blueprint” for the shape and dtype of the actual tensor values that the
model or layer object will output.

In TensorFlow.js, two important attributes of a model object are its inputs and out-
puts. Each of these is an array of symbolic tensors. For a model with exactly one input
and exactly one output, both arrays have a length of 1. Similarly, a layer object has two
attributes: input and output, each of which is a symbolic tensor. Symbolic tensors can
be used to create a new model. This is a new way of creating models in TensorFlow js,
which is different from the approach you’ve seen before: namely, creating sequential
models with tf.sequential () and subsequent calls to the add () method. In the new
approach, we use the tf.model () function, which takes a configuration object with
two mandatory fields: inputs and outputs. The inputs field is required to be a
symbolic tensor (or, alternatively, an array of symbolic tensors), and likewise for the
outputs field. Therefore, we can obtain the symbolic tensors from the original
MobileNet model and feed them to a tf.model () call. The result is a new model that
consists of a part of the original MobileNet.

This process is illustrated schematically in figure 5.7. (Note that the figure reduces
the number of layers from the actual MobileNet model for the sake of a simple-looking
diagram.) The important thing to realize is that the symbolic tensors taken from the
original model and handed to the tf.model() call are not isolated objects. Instead,
they carry information about what layers they belong to and how the layers are con-
nected to each other. For readers familiar with graphs in data structure, the original
model is a graph of symbolic tensors, with the connecting edges being the layers. By
specifying the inputs and outputs of the new model as symbolic tensors in the original
model, we are extracting a subgraph of the original MobileNet graph. The subgraph,
which becomes the new model, contains the first few (in particular, the first 87) layers
of MobileNet, while the last 6 layers are left out. The last few layers of a deep convnet
are sometimes referred to as the head. What we are doing with the tf.model () call can
be referred to as truncating the model. The truncated MobileNet preserves the feature-
extracting layers while discarding the head. Why does the head contain six layers? This
is because those layers are specific to the 1,000-class classification task that the
MobileNet was originally trained on. The layers are not useful for the four-class classifi-
cation task we are facing.

% A difference between a tensor’s shape and a symbolic tensor’s shape is that the former always has fully speci-
fied dimensions (such as [8, 32, 201), while the latter may have undetermined dimensions (such as
[null, null, 20]).You have already seen this in the “Output shape” column of the model summaries.
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Figure 5.7 A schematic drawing that explains how the new (“truncated”) model is created from
MobileNet. See the t £.model () call in listing 5.3 for the corresponding code. Each layer has an
input and an output, both of which are SymbolicTensor instances. In the original model,
SymbolicTensorO0 is the input of the first layer and the input of the entire model. It is used as the
input symbolic tensor of the new model. In addition, we take the output symbolic tensor of an
intermediate layer (equivalent to conv_pw_13_relu) as the output tensor of the new model.
Hence, we get a model that consists of the first two layers of the original model, shown in the bottom
part of the diagram. The last layer of the original model, which is the output layer and sometimes
referred to as the model’s head, is discarded. This is why approaches like this are sometimes referred
to as truncating a model. Note that this diagram depicts models with small numbers of layers for the
sake of clarity. What actually happens with the code in listing 5.3 involves a model with many more
(93) layers compared to the one shown in this diagram.

Transfer learning based on embeddings

The output of the truncated MobileNet is the activation of an intermediate layer of the
original MobileNet.” But how is intermediate-layer activation from MobileNet useful to
us? The answer can be seen in the function that handles the events of clicking and
holding each of the four black squares (listing 5.4.) Every time an input image is avail-
able from the webcam (via the capture () method), we call the predict () method of

7 A frequently asked question about TensorFlow.js models is how to obtain the activations of intermediate lay-
ers. The approach we showed here is the answer.
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the truncated MobileNet and save the output in an object called controllerDataset,
which will be used for transfer learning later.

But how to interpret the output of the truncated MobileNet? For every image
input, itis a tensor of shape [1, 7, 7, 256]. Itis not the probabilities for any classifi-
cation problem, nor is it the values predicted for any regression problem. It is a repre-
sentation of the input image in a certain high-dimensional space. This space has
7% 7% 256, or approximately 12.5k, dimensions. Although the space has a lot of
dimensions, it is lower-dimensional compared to the original image, which, due to the
224 x 224 image dimensions and three color channels, has 224 * 224 * 3 = 150k
dimensions. So, the output from the truncated MobileNet can be viewed as an effi-
cient representation of the image. This kind of lower-dimension representation of
inputs is often referred to as an embedding. Our transfer learning will be based on the
embeddings of the four sets of images collected from the webcam.

Listing 5.4 Obtaining image embeddings using a truncated MobileNet

ui.setExampleHandler (label => {
tf.tidy (() => { <
const img = webcam.capture() ;
controllerDataset.addExample (
truncatedMobileNet.predict (img) ,
label) ;

Uses tf.tidy() to clean up
intermediate tensors such as img.
See appendix B, section B.3 for a
tutorial on TensorFlow.js memory
management in the browser.

ui.drawThumb (img, label) ;
1)
)i

Gets MobileNet’s internal
activation for the input image

Now that we have a way to get the embeddings of the webcam images, how do we use
them to predict what direction a given image corresponds to? For this, we need a new
model, one that takes the embedding as its input and outputs the probability values
for the four direction classes. The code in the following listing (from index.js) creates
such a model.

Listing 5.5 Predicting controller direction using image embeddings

model = tf.sequential ({
layers: [
tf.layers.flatten ({
inputShape: truncatedMobileNet.outputs[0].shape.slice(l)
).

. tf.layers.dense({ Flattens the [7, 7, 256] embedding from

A first (h'dd‘f“) units: ui.getDenseUnits(), the truncated MobileNet. The slice(1)
dense layer with activation: 'relu', operation discards the first (batch)
nonllnea|: (re,lu) kernelInitializer: 'varianceScaling', dimension, which is present in the output
activation useBias: true shape but unwanted by the inputShape

1), attribute of the layer’s factory method, so
tf.layers.dense ({ it can be used with a dense layer.

units: NUM_CLASSES,
kernelInitializer: 'varianceScaling',
useBias: false,

The number of units of the last layer
should correspond to the number of
classes we want to predict.
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activation: 'softmax' T

b The number of units of the last layer

should correspond to the number of

}i classes we want to predict.

Compared to the truncated MobileNet, the new model created in listing 5.5 has a
much smaller size. It consists of only three layers:

The input layer is a flatten layer. It transforms the 3D embedding from the trun-
cated model into a 1D tensor that subsequent dense layers can take. We have
seen similar uses of flatten layers in the MNIST convnets in chapter 4. We let its
inputShape match the output shape of the truncated MobileNet (without the
batch dimension) because the new model will be fed embeddings that come
out of the truncated MobileNet.

The second layer is a hidden layer. It is hidden because it is neither the input
layer nor the output layer of the model. Instead, it is sandwiched between two
other layers in order to enhance the model’s capacity. This is very similar to the
MLPs you encountered in chapter 3. It is a hidden dense layer with a relu activa-
tion. Recall that in the chapter 3 section “Avoiding the fallacy of stacking layers
without nonlinearity,” we discussed the importance of using a nonlinear activa-
tion for hidden layers like this.

The third layer is the final (output) layer of the new model. It has a softmax
activation that suits the multiclass classification problem we are facing (that is,
four classes: one for each Pac-Man direction).

Therefore, we have essentially built an MLP on top of MobileNet’s feature-extraction
layers. The MLP can be thought of as a new head for MobileNet, even though the fea-
ture extractor (the truncated MobileNet) and the head are two separate models in
this case (see figure 5.8). As a result of the two-model setup, it is not possible to train
the new head directly using the image tensors (of the shape [numExamples, 224,
224, 31). Instead, the new head must be trained on the embeddings of the images—
the output of the truncated MobileNet. Luckily, we have already collected those
embedding tensors (listing 5.4). All we need to do to train the new head is call its
fit () method on the embedding tensors. The code that does that inside the train()
function in index js is straightforward, and we won’t elaborate on that further.

Once the transfer learning has finished, the truncated model and the new head will
be used together to obtain probability scores from input images from the webcam.
You can find the code in the predict () function in index.js, shown in listing 5.6. In
particular, two predict () calls are involved. The first call converts the image tensor
into its embedding using the truncated MobileNet; the second one converts the
embedding into the probability scores for the four directions using the new head
trained with transfer learning. Subsequent code in listing 5.6 obtains the winning
index (the index that corresponds to the maximum probability score among the four
directions) and uses it to steer the Pac-Man and update UI states. As in the previous
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Figure 5.8 A schematic of the transfer-learning algorithm that underlies the webcam-transfer-
learning example

examples, we don’t cover the UI part of the example because it is not central to the
machine-learning algorithms. You may study and play with the UI code at your own
pleasure using the code in the next listing.

Listing 5.6 Getting the prediction from a webcam input image after transfer learning

Captures a frame

async function predict() { from the webcam

i.isPredicti ; .
UL rstredic lr.lg(). Gets the embedding from
while (isPredicting) { .

. . the truncatedMobileNet
const predictedClass = tf.tidy(() => {
const img = webcam.capture(); Converts the embedding into

the probability scores of the
four directions using the new
head model

const embedding = truncatedMobileNet.predict (

img) ;
const predictions = model.predict(activation) ;

return predictions.aslD() .argMax() ; Gets the index of the
D maximum probability score

const classId = (await predictedClass.data())[0]; Downloads the index
predictedClass.dispose() ; from GPU to CPU
ui.predictClass (classId);
await tf.nextFrame();

}
ui.donePredicting() ;

Updates the Ul according to the

winning direction: steers the Pac-Man

and updates other Ul states, such as

} the highlighting of the corresponding
“button” on the controller
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This concludes our discussion of the part of the webcam-transfer-learning example
relevant to the transfer-learning algorithm. One interesting aspect of the method we
used in this example is that the training and inference process involves two separate
model objects. This is good for our educational purpose of illustrating how to get
embeddings from the intermediate layers of a pretrained model. Another advantage
of this approach is that it exposes the embeddings and makes it easier to apply
machine-learning techniques that make direct use of these embeddings. An example
of such techniques is k-nearest neighbors (kNN, discussed in info box 5.2). However,
exposing the embeddings directly may also be viewed as a shortcoming for the follow-
ing reasons:

It leads to slightly more complex code. For example, the inference requires two
predict () calls in order to perform inference on a single image.

Suppose we want to save the models for use in later sessions or for conversion to
a non-TensorFlow js library. Then the truncated model and the new head
model need to be saved separately, as two separate artifacts.

In some special cases, transfer learning will involve backpropagation over cer-
tain parts of the base model (such as the first few layers of the truncated
MobileNet). This is not possible when the base and the head are two separate
objects.

In the next section, we will show a way to overcome these limitations by forming a sin-
gle model object for transfer learning. It will be an end-to-end model in the sense that
it can transform input data in the original format into the final desired output.

INFO BoX 5.2 k-nearest neighbors classification based on embeddings
There are non-neural network approaches to solving classification problems in
machine learning. One of the most famous is the k-nearest neighbors (kNN) algo-
rithm. Unlike neural networks, the kNN algorithm doesn’t involve a training step and
is easier to understand.

We can describe how the kNN classification works in a few sentences:

You pick a positive integer k (for instance, 3).

You collect a number of reference examples, each labeled with the true class.
Usually the number of reference examples collected is at least several times
larger than k. Each example is represented as a series of real-valued num-
bers, or a vector. This step is similar to the collection of training examples in
the neural network approach.

In order to predict the class of a new input, you compute the distances
between the vector representation of the new input and those of all the refer-
ence examples. You then sort the distances. By doing so, you can find the k
reference examples that are the closest to the input in the vector space.
These are called the “k nearest neighbors” of the input (the namesake of the
algorithm).
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You look at the classes of the k nearest neighbors and use the most common
class among them as the prediction for the input. In other words, you let the
k nearest neighbors “vote” on the predicted class.

An example of this algorithm is shown in the following figure.

v

An example of kNN classification in a 2D embedding space. In this case, k = 3,
and there are two classes (triangles and circles). There are five reference
examples for the triangle class and seven for the circle class. The input example
is represented as a square. The three nearest neighbors to the input are
indicated by the line segments that connect them with the input. Because two
of the three nearest neighbors are circles, the predicted class for the input
example will be a circle.

As you can see from the previous description, one of the key requirements of the kNN
algorithm is that every input example is represented as a vector. Embeddings like the
one we obtained from the truncated MobileNet are good candidates for such vector
representations for two reasons. First, they often have a lower dimensionality com-
pared to the original inputs and hence reduce the amount of storage and computation
required by the distance calculation. Second, the embeddings usually capture more
important features in the input (such as important geometric features in images; see
figure 4.5) and ignore less important ones (for example, brightness and size) owing
to the fact that they have been trained on a large classification dataset. In some
cases, embeddings give us vector representations for things that are not even origi-
nally represented as numbers (such as the word embeddings in chapter 9).

Compared to the neural network approach, kNN doesn’t require any training. In cases
where the number of reference examples is not too large, and the dimensionality of
the input is not too high, using KNN can be computationally more efficient than train-
ing a neural network and running it for inference.
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(continued)

However, kNN inference doesn’t scale well with the amount of data. In particular,
given N reference examples, a KNN classifier must compute N distances in order to
make a prediction for every input.? When N gets large, the amount of computation
can get intractable. By contrast, the inference with a neural network doesn’t change
with the amount of training data. Once the network has been trained, it doesn’t mat-
ter how many examples went into the training. The amount of computation that the
forward pass on the network takes is only a function of the network’s topology.

If you are interested in using kNN for your applications, check out the WebGL-accelerated
kNN library built on top of TensorFlow.js: http://mng.bz/2Jp8.

@ But see research efforts to design algorithms that approximate the kNN algorithm but run
faster and scale better than kNN: Gal Yona, “Fast Near-Duplicate Image Search Using Local-
ity Sensitive Hashing,” Towards Data Science, 5 May 2018, http://mng.bz/1wm1.

Getting the most out of transfer learning through fine-tuning: An audio example

In the previous sections, the examples of transfer learning dealt with visual inputs. In
this example, we will show that transfer learning works on audio data represented as
spectrogram images as well. Recall that we introduced the convnet for recognizing
speech commands (isolated, short spoken words) in section 4.4. The speech-
command recognizer we built was capable of recognizing only 18 different words
(such as “one,” “two,” “
other words? Perhaps your particular application requires the user to say specific
words such as “red” or “blue,” or even words that are picked by the users themselves;
or perhaps your application is intended for users who speak languages other than

English. This is a classic example of transfer learning: with the small amount of data at

up,” and “down”). What if you want to train a recognizer for

hand, you could try to train a model entirely from scratch, but using a pretrained
model as the base allows you to spend a smaller amount of time and computation
resources while getting a higher degree of accuracy.

How TO DO TRANSFER LEARNING IN THE SPEECH-COMMAND EXAMPLE APP

Before we describe how transfer learning works in this example, it will be good for you
to get familiar with how to use the transfer-learning feature through the Ul To use
the UI, make sure your machine has an audio-input device (a microphone) attached
and that the audio-input volume is set to a nonzero value in your system settings. To
download the code of the demo and run it, do the following (the same procedure as
in section 4.4.1):

git clone https://github.com/tensorflow/tfjs-models.git

cd tfjs-models/speech-commands
varn && yarn publish-local


http://mng.bz/2Jp8
http://mng.bz/1wm1
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cd demo

yvarn && yarn link-local && yarn watch

When the UI starts up, answer Yes to the browser’s request for your permission to
access the microphone. Figure 5.9 shows an example screenshot of the demo. When it
starts up, the demo page will automatically load a pretrained speech-commands
model from the internet, using the tf.loadLayersModel () method pointing to an
HTTPS URL. After the model is loaded, the Start and Enter Transfer Words buttons
will be enabled. If you click the Start button, the demo will enter an inference mode
in which it detects the 18 basic words (as displayed on the screen) in a continuous
fashion. Each time a word is detected, the corresponding word box will light up on
the screen. However, if you click the Enter Transfer Words button, a number of addi-
tional buttons will appear on the screen. These buttons are created from the comma-
separated words in the textinput box to the right. The default words are “noise,”
“red,” and “green.” These are the words that the transfer-learning model will be
trained to recognize. But you are free to modify the content of the input box if you
want to train a transfer model for other words, as long as you preserve the “noise”
item. The “noise” item is a special one, for which you should collect background noise
samples—that is, samples without any speech sound in them. This allows the transfer
model to tell moments in which a word is spoken from moments of silence (back-
ground noise). When you click these buttons, the demo will record a 1-second audio
snippet from the microphone and display its spectrogram next to the button. The
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number in the word button keeps track of how many examples you have collected for
the particular word so far.

As is the general case in machine-learning problems, the more data you can collect
(as permitted by the time and resources available), the better the trained model will
turn out. The example app requires at least eight examples for every word. If you
don’t want to or cannot collect sound samples yourself, you can download a precol-
lected dataset from http://mng.bz/POGY (file size: 9 MB) and upload it by using the
Upload button in the Dataset IO section of the Ul

Once the dataset is ready, through either file uploading or your own sample collec-
tion, the Start Transfer Learning button will become enabled. You can click the but-
ton to kick off the training of the transfer model. The app performs a 3:1 split on the
audio spectrograms you have collected so that a randomly selected 75% of them will
be used for training, while the remaining 25% will be used for validation.” The app
displays the training-set loss and accuracy values along with the validation-set values as
the transfer learning happens. Once the training is complete, you can click the Start
button to let the demo start a continuous recognition of the transfer words, during
which time you can assess the accuracy of the transfer model empirically.

You should experiment with different sets of words and see how they affect the
accuracy you can get after doing transfer learning on them. In the default set, “red”
and “green,” the words are fairly distinct from each other in terms of their phonemic
content. For example, their onset consonants are two very distinct sounds, “r” and
“g.” Their vowels also sound fairly distinct (“e” versus “ee”); so do their ending conso-
nants (“d” versus “n”). Therefore, you should be able to get near-perfect validation
accuracy at the end of the transfer training, as long as the number of examples you
collect for each word is not too small (say >= 8), and you don’t use an epoch number
that’s too small (which leads to underfitting) or too large (which leads to overfitting;
see chapter 8).

To make the transfer-learning task more challenging for the model, use a set con-
sisting of 1) more confusable words and 2) a larger vocabulary. This is what we did for
the screenshot in figure 5.9. There, a set of four words that sound similar to each
other are used: “feel,” “seal,” “veal,” and “zeal.” These words have identical vowel and
ending consonants, as well as four similar-sounding onset consonants. They might
even confuse a human listener not paying attention or someone listening over a bad
phone line. From the accuracy curve at the bottom-right part of the figure, you can
see that it is not an easy task for the model to reach an accuracy higher than 90%, for
which an initial phase of transfer learning has to be supplemented by an additional
phase of fine-tuning—that is, a transfer-learning trick.

8 This is the reason why the demo requires you to collect at least eight samples per word. With fewer words, the
number of samples for each word will be small in the validation set, leading to potentially unreliable loss and
accuracy estimates.


http://mng.bz/POGY

Introduction to transfer learning: Reusing pretrained models 177

DEEP DIVE INTO FINE-TUNING IN TRANSFER LEARNING

Fine-tuning is a technique that helps you reach levels of accuracy not achievable just
by training the new head of the transfer model. If you wish to understand how fine-
tuning works, this section explains it in greater detail. There will be a few technical
points to digest. But the deepened understanding of transfer learning and the related
TensorFlow.js implementation that you’ll get out of it will be worth the effort.

Constructing a single model for transfer learning

First, we need to understand how the speech transfer-learning app creates the model
for transfer learning. The code in listing 5.7 (from speech-commands/src/browser_
fft_recognizer.ts) creates a model from the base speech-command model (the one you
learned in section 4.4.1). It first finds the penultimate (the second-last) dense layer of
the model and gets its output symbolic tensor (truncatedBaseOutput in the code). It
then creates a new head model consisting of only one dense layer. The input shape of
this new head matches the shape of the truncatedBaseOutput symbolic tensor, and its
output shape matches the number of words in the transfer dataset (five, in the case of
figure 5.9). The dense layer is configured to use the softmax activation, which suits the
multiclass-classification task. (Note that unlike most of the other code listings in the
book, the following code is written in TypeScript. If you're unfamiliar with TypeScript,
you can simply ignore the type notations such as void and tf.SymbolicTensor.)

Listing 5.7 Creating the transfer-learning model as a single t £ . Model object®

private createTransferModelFromBaseModel (): void {
const layers = this.baseModel.layers;
let layerIndex = layers.length - 2;
while (layerIndex >= 0) {

if (layers[layerIndex].getClassName () .toLowerCase() === 'dense') {
break;

} Finds the second-last dense

layerIndex--; layer of the base model

}
if (layerIndex < 0) {
throw new Error ('Cannot find a hidden dense layer in the base model.');
} Gets the layer that will be unfrozen during
this.secondLastBaseDenselLayer = %‘ﬁne4unhg|&nr@eelkﬁng58)
layers[layerIndex] ;
const truncatedBaseOutput = layers[layerIndex].output as Finds the
tf.SymbolicTensor; symbolic tensor

Creates the new head

units: this.words.length, of the mode

this.transferHead = tf.layers.dense({ i
activation: 'softmax',

9 Two notes about this code listing: 1) The code is written in TypeScript because it is a part of the reusable
@tensorflow-models/speech-commands library. 2) Some error-checking code has been removed from this
code for the sake of simplicity.
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Creates the new head

inputShape: truncatedBaseOutput.shape.slice (1) T
of the model

)i

const transferOutput =
this.transferHead.apply (truncatedBaseOutput) as tf.SymbolicTensor;

this.model =
tf.model ({inputs: this.baseModel.inputs, outputs: transferOutput}) ;
}

“Applies” the new head on the output of Uses the tf.model() API to create a new
the truncated base model’s output to model for transfer learning, specifying the
get the final output of the new model as original model’s inputs as its input and the
a symbolic tensor new symbolic tensor as the output

The new head is used in a novel way: its apply() method is called using the
truncatedBaseOutput symbolic tensor as the input argument. apply () is a method
that’s available on every layer and model object in TensorFlow.js. What does the
apply () method do? As its name suggests, it “applies” the new head model on an
input and gives you an output. The important things to realize are as follows:

Both the input and output involved here are symbolic—they are placeholders
for concrete tensor values.

Figure 5.10 shows a graphical illustration of this: the symbolic input (truncated-
BaseOutput) is not an isolated entity; instead, it is the output of the second-last
dense layer of the base model. The dense layer receives inputs from another
layer, which in turn receives inputs from its upstream layer, and so forth. There-
fore, truncatedBaseOutput carries with it a subgraph of the base model:
namely, the subgraph between the base model’s input and the second-last
dense layer’s output. In other words, it is the entire graph of the base model,
minus the part after the second-last dense layer. As a result, the output of the
apply () call carries a graph consisting of that subgraph plus the new dense
layer. The output and the original input are used together in a call to the
tf.model () function, which yields a new model. This new model is the same as
the base model except that its head has been replaced with the new dense layer
(see the bottom part of figure 5.10).

Note that the approach here is different from how we fused models in section 5.1.2.
There, we created a truncated base and a new head model as two separate model
instances. As a result, running inference on each input example involves two
predict() calls. Here, the inputs expected by the new model are identical to the
audio-spectrogram tensors expected by the base model. At the same time, the new
model directly outputs the probability scores for the new words. Every inference takes
only one predict () call and is therefore a more streamlined process. By encapsulat-
ing all the layers in a single model, our new approach has an additional advantage
important for our application: it allows us to perform backpropagation through any of
the layers involved in recognizing the new words. This enables us to perform the fine-
tuning trick. This is what we will explore in the next section.
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Figure 5.10 A schematic illustration of the way in which the new, end-to-end model is created for
transfer learning. This figure should be read in conjunction with listing 5.7. Some parts of the figure
that correspond to variables in listing 5.7 are labeled in fixed-width font. Step 1: the output symbolic
tensor of the second-to-last dense layer of the original model is obtained (indicated by the thick
arrow). It will later be used in step 3. Step 2: the new head model, consisting of a single output
dense layer (labeled “dense 3”) is created. Step 3: the apply () method of the new head model is
invoked with the symbolic tensor from step 1 as the input argument. The call connects the input to
the new head model with the truncated base model from step 1. Step 4: the return value of the
apply () call is used in conjunction with the input symbolic tensor of the original model during a
call to the t £ .model () function. This call returns a new model that contains all the layers of the
original model from the first layer to the second-last dense layer, in addition to the dense layer in
the new head. In effect, this swaps the old head of the original model with the new head, setting
the stage for subsequent training on the transfer data. Note that some (seven) layers of the actual
speech-command model are omitted in this diagram for the sake of visual simplicity. In this figure,
the tinted layers are trainable, while the white-colored layers are untrainable.
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Fine-tuning through layer unfreezing

Fine-tuning is an optional step of transfer learning that follows an initial phase of
model training. In the initial phase, all the layers from the base model were frozen
(their trainable attribute was set to false), and weight updating happened only to
the head layers. We have seen this type of initial training in the mnist-transfer-cnn and
webcam-transfer-learning examples earlier in this chapter. During fine-tuning, some of
the layers of the base model are unfrozen (their trainable attribute is set to
true), and then the model is trained on the transfer data again. This layer unfreezing
is shown schematically in figure 5.11. The code in listing 5.8 (from speech-commands/
src/browser_fft_recognizer.ts) shows how that’s done in TensorFlow.js for the speech-
command example.

A. Initial phase B. Fine-tuning phase
(“convad flatten dense 1 dense 3\ (“convad flatten dense 1 dense 3"
\ X | o) =_ =/ =_"
| | | |
Frozen layers Trainable layer Frozen layers Trainable layers

Figure 5.11 Illlustrating frozen and unfrozen (that is, trainable) layers during the initial (panel A) and fine-
tuning (panel B) phases of the transfer learning as done by the code in listing 5.8. Note that the reason densel
is followed immediately by dense3 is that dense2 (the original output of the base model) has been truncated
as the first step of the transfer learning (see figure 5.10).

Listing 5.8 Initial transfer learning, followed by fine-tuning®

async train(config?: TransferLearnConfig) :
Promise<tf.History|[tf.History, tf.Historyl]> {
if (config == null) {
config = {};
}
if (this.model == null) {
this.createTransferModelFromBaseModel () ;

Makes sure all layers of
the truncated base
model, including the one
that will be fine-tuned
later, are frozen for the

} initial phase of transfer
this.secondLastBaseDenselLayer.trainable = false; training
this.model.compile ({

loss: 'categoricalCrossentropy', Compﬂesthelnoddfor

optimizer: config.optimizer [| 'sgd’, | the initial transfer training

metrics: ['acc']

)

19" Some error-checking code has been removed so as to focus on the key parts of the algorithm.
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const {xs, ys} = this.collectTransferDataAsTensors() ;
let trainXs: tf.Tensor;
let trainYs: tf.Tensor;

let valData: [tf.Tensor, tf.Tensor]; vaaﬁdaﬁonSpﬁtisrequWed
try { . . . . splits the transfer data into a
if (config.validationSplit != null) { training set and a validation set
const splits = balancedTrainValSplit ( in a balanced way

xs, ys, config.validationSplit) ;
trainXs = splits.trainXs;

trainYs = splits.trainYs;
valData = [splits.valXs, splits.valYs];
} else {

trainXs = xs;
train¥Ys = ys;

}
const history = await this.model.fit(trainXs, trainYs, {
Calls epochs: config.epochs == null ? 20 : config.epochs,
MOd?Lﬁ“) validationData: valData,
for initial batchSize: config.batchSize,
”aP#é' callbacks: config.callback == null ? null : [config.callback]
training 1
if (config.fineTuningEpochs != null && config.fineTuningEpochs > 0) {
this.secondLastBaseDenselLayer.trainable =
For fine-tuning, crues
unfreezes the const fineTuningOptimizer: string|tf.Optimizer =
second-last config.fineTuningOptimizer == null ? 'sgd'
dense|aYEYOf config.fineTuningOptimizer;
the base model this.model.compile ({
(the last layer of loss: 'categoricalCrossentropy', | Recompiles the model after
the truncated optimizer: fineTuningOptimizer, | unfreezing the layer (or the
base model) metrics: ['acc'] unfreezing won’t take effect)
)i

const fineTuningHistory = await this.model.fit(trainXs, trainYs, {
epochs: config.fineTuningEpochs,
validationData: valData,
batchSize: config.batchSize, Calls Model.fit()
callbacks: config.fineTuningCallback == null ? for fine-tuning
null
[config.fineTuningCallback]

1)
return [history, fineTuningHistory];
} else {
return history;
}
} finally {
tf.dispose([xs, ys, trainXs, trainYs, valDatal);

}
There are several important things to point out about the code in listing 5.8:

= Each time you freeze or unfreeze any layers by changing their trainable attri-
bute, you need to call the compile() method of the model again in order for
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the change to take effect. We’ve already covered that when talking about the
MNIST transfer-learning example in section 5.1.1.

We reserve a fraction of the training data for validation. This ensures that the
loss and accuracy we look at reflect how well the model works on inputs it hasn’t
seen during backpropagation. However, the way in which we split a fraction of
the collected data out for validation is different from before and deserves some
attention.

In the MNIST convnet example (listing 4.2 in chapter 4), we used the
validationSplit parameter to let the Model.fit () reserve the last 15-20% of
the data for validation. The same approach won’t work very well here. Why?
Because we have a much smaller training set here compared to the size of the
data in the earlier examples. As a result, blindly splitting the last several exam-
ples for validation may very well result in scenarios in which some words are
underrepresented in the validation subset. For example, suppose you have col-
lected eight examples for each of the four words “feel,” “seal,” “veal,” and “zeal”
and choose the last 25% of the 32 samples (8 examples) for validation. Then,
on average, there will be only two examples for each word in the validation sub-
set. Due to randomness, some of the words may end up having only one exam-
ple in the validation subset, and others may have no example there at all!
Obviously, if the validation set lacks certain words, it won’t be a very good set to
measure the model’s accuracy on. This is why we use a custom function
(balancedTrainvalSplit in listing 5.8). This function takes into account the
true word label of the examples and ensures that all the different words get fair
representation in both the training and validation subsets. If you have a transfer-
learning application involving a similarly small dataset, it is a good idea to do
the same.

So, what does fine-tuning do for us? What added value does it provide on top of the
initial phase of transfer learning? To illustrate that, we plot the loss and accuracy
curves from the initial and fine-tuning phases concatenated as continuous curves in
panel A of figure 5.12. The transfer dataset involved here consists of the same four
words we saw in figure 5.9. The first 100 epochs of each curve correspond to the initial
phase, while the last 300 epochs correspond to fine-tuning. You can see that toward
the end of the 100 epochs of initial training, the loss and accuracy curves begin to flat-
ten out and start to enter regimes of diminishing returns. The accuracy on the valida-
tion subset levels off around 84%. (Notice how misleading it would be to look at only
the accuracy curve from the training subset, which easily approaches 100%.) However,
unfreezing the dense layer in the base model, recompiling the model, and starting the
fine-tuning phase of training, the validation accuracy gets unstuck and could go up to
90-92%, which is a very decent 6-8 percentage point gain in accuracy. A similar effect
can be seen in the validation loss curve.

To illustrate the value of fine-tuning over transfer learning without fine-tuning, we
show in panel B of figure 5.12 what happens if the transfer model is trained for an
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Figure 5.12 Panel A: example loss and accuracy curves from transfer learning and the subsequent fine-
tuning (FT in the plot legends). Notice the inflection point at the junction between the initial and fine-
tuning parts of the curves. Fine-tuning accelerates the reduction in the loss and gain in the accuracy,
which is due to the unfreezing of the top few layers of the base model and the resulting increase in the
model’s capacity, and its adaptation toward the unique features in the transfer-learning data. Panel B: the
loss and accuracy curves from training the transfer model an equal number of epochs (400 epochs)
without fine-tuning. Notice that without the fine-tuning, the validation loss converges to a higher value
and the validation accuracy to a lower value compared to panel A. Note that while the final accuracy
reaches about 0.9 with fine-tuning (panel A), it gets stuck at about 0.85 without the fine-tuning but with
the same number of total epochs (panel B).

equal number of (400) epochs without fine-tuning the top few layers of the base
model. There is no “inflection point” in the loss or accuracy curves that happened in
panel A at epoch 100 when the fine-tuning kicks in. Instead, the loss and accuracy
curves level off and converge to worse values.

So why does fine-tuning help? It can be understood as an increase in the model
capacity. By unfreezing some of the topmost layers of the base model, we allow the
transfer model to minimize the loss function in a higher-dimensional parameter space
than the initial phase. This is similar to adding hidden layers to a neural network. The
weight parameters of the unfrozen dense layer have been optimized for the original
dataset (the one consisting of words like “one,” “two,” “yes,” and “no”), which may not
be optimal for the transfer words. This is because the internal representations that
help the model distinguish between those original words may not be the representa-
tions that make the transfer words easiest to distinguish from one another. By allowing

9«
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those parameters to be optimized further (that is, fine-tuned) for the transfer words,
we allow the representation to be optimized for the transfer words. Therefore, we get
a boost in validation accuracy on the transfer words. Note that this boost is easier to
see when the transfer-learning task is hard (as with the four confusable words: “feel,”
“seal,” “veal,” and “zeal”). With easier tasks (more distinct words like “red” and
“green”), the validation accuracy may well reach 100% with only the initial transfer
learning.

One question you might want to ask is, here we unfreeze only one layer in the base
model, but will unfreezing more layers help? The short answer is, it depends, because
unfreezing even more layers gives the model even higher capacity. But as we men-
tioned in chapter 4 and will discuss in greater detail in chapter 8, higher capacity
leads to a higher risk of overfitting, especially when we are faced with a small dataset
like the audio examples collected in the browser here. This is not to mention the addi-
tional computation load required to train more layers. You are encouraged to experi-
ment with it yourself as a part of exercise 4 at the end of this chapter.

Let’s wrap up this section on transfer learning in TensorFlow.js. We introduced
three different ways to reuse a pretrained model on new tasks. In order to help you
decide which approach to use in your future transfer-learning projects, we summarize
the three approaches and their relative pros and cons in table 5.1.

Table 5.1 A summary of three approaches to transfer learning in TensorFlow.js and their relative
advantages and shortcomings

Approach

Use the original model and
freeze its first several (feature-
extracting) layers

(section 5.1.1).

Obtain internal activations from
the original model as embed-
dings for the input example,
and create a new model that
takes the embedding as the
input (section 5.1.2).

Create a new model that con-
tains the feature-extracting lay-
ers of the original model and
the layers of the new head
(section 5.1.3).

Pros

- Simple and convenient

- Applicable to transfer-learning

cases that require an output
shape different from the origi-
nal one

- Embedding tensors are directly

accessible, making methods
such as k-nearest neighbors
(kNN, see info box 5.2) classifi-
ers possible

+ Applicable to transfer-learning

cases that require an output
shape different from the origi-
nal one

- Only a single model instance to

manage

+ Enables fine-tuning of feature-

extracting layers

Cons

+ Works only if the output shape

and activation required by the
transfer learning match those
of the base model

+ Need to manage two separate

model instances

- Difficult to fine-tune layers of

the original model

+ Internal activations (embed-

dings) that are not directly
accessible
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Object detection through transfer learning on a convnet

The examples of transfer learning you have seen in this chapter so far have a com-
monality: the nature of the machine-learning task stays the same after the transfer. In
particular, they take a computer-vision model trained on a multiclass-classification task
and apply it on another multiclass-classification task. In this section, we will show that
this doesn’t have to be the case. The base model can be used on a task very different
from the original one—for example, when you want to use a base model trained on a
classification task to perform regression (fitting a number). This type of cross-domain
transfer is a good example of the versatility and reusability of deep learning, which is
one of the main reasons behind the success of the field.

The new task we will use to illustrate this point is object detection, the first nonclassifi-
cation computer-vision problem type you encounter in this book. Object detection
involves detecting certain classes of objects in an image. How is it different from classi-
fication? In object detection, the detected object is reported in terms of not only its
class (what type of object it is) but also some additional information regarding the
location of the object inside the image (where the object is). The latter is a piece of
information that a mere classifier doesn’t provide. For example, in a typical object-
detection system used by self-driving cars, a frame of input image is analyzed so that
the system outputs not only the types of interesting objects that are present in the
image (such as vehicles and pedestrians) but also the location, apparent size, and pose
of such objects within the image’s coordinate system.

The example code is in the simple-object-detection directory of the tfjs-examples
repository. Note that this example is different from the ones you have seen so far in
that it combines model training in Node.js with inference in the browser. Specifically,
the model training happens with tfjs-node (or tfjs-node-gpu), and the trained model
is saved to disk. A parcel server is then used to serve the saved model files, along with
the static index.html and index_js, in order to showcase the inference on the model
in the browser.

The sequence of commands you can use for running the example is as follows (with
some comment strings that you don’t need to include when entering the commands):

git clone https://github.com/tensorflow/tfjs-examples.git
cd tfjs-examples/simple-object-detection
yarn
# Optional step for training your own model using Node.js:
yarn train \
--numExamples 20000 \
--initialTransferEpochs 100 \
--fineTuningEpochs 200
yarn watch # Run object-detection inference in the browser.
The yarn train command performs model training on your machine and saves the
model inside the ./dist folder when it’s finished. Note that this is a long-running train-
ing job and is best handled if you have a CUDA-enabled GPU, which boosts the training
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speed by a factor of 3 to 4. To do this, you just need to add the --gpu flag to the yarn
train command:
yarn train --gpu \

--numExamples 20000 \

--initialTransferEpochs 100 \

--fineTuningEpochs 200
However, if you don’t have the time or resources to train the model on your own
machine, don’t worry: you can just skip the yarn train command and proceed
directly to yarn watch. The inference page that runs in the browser will allow you to
load a2 model we’ve already trained for you from a centralized location via HTTP.

A simple object-detection problem based on synthesized scenes

State-of-the-art object-detection techniques involve many tricks that are not suitable
for a beginning tutorial on the topic. Our goal here is to show the essence of how
object detection works without being bogged down by too many technical details. To
this end, we designed a simple object-detection problem that involves synthesized
image scenes (see figure 5.13). These synthesized images have a dimension of 224 x
224 and color depth of 3 (RGB channels) and hence match the input specification of
the MobileNet model that will form the base of our model. As the example in figure
5.13 shows, each scene has a white background. The object to detect is either an equi-
lateral triangle or a rectangle. If the object is a triangle, its size and orientation are
random; if the object is a rectangle, its height and width vary randomly. If the scene
consisted of only the white background and the object of interest, the task would be
too easy to show the power of our technique. To add to the difficulty of the task, a
number of “noise objects” are randomly sprinkled in the scene. These include 10 cir-
cles and 10 line segments in every image. The locations and sizes of the circles are
generated randomly, and so are the locations and lengths of the line segments. Some
of the noise objects may lie on top of the target object, partially obscuring it. All the
target and noise objects have randomly generated colors.

With the input data fully characterized, we can now define the task for the model
we are about to create and train. The model will output five numbers, which are orga-
nized into two groups:

The first group contains a single number, indicating whether the detected
object is a triangle or a rectangle (regardless of its location, size, orientation,
and color).

The remaining four numbers form the second group. They are the coordinates
of the bounding box around the detected object. Specifically, they are the left x-
coordinate, right x-coordinate, top y-coordinate, and bottom y-coordinate of the
bounding box, respectively. See figure 5.13 for an example.

The nice things about using synthesized data are 1) the true label values are automati-
cally known, and 2) we can generate as much data as we want. Every time we generate
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Figure 5.13 An example of the synthesized scenes used by simple object detection.
Panel A: a rotated equilateral triangle as the target object. Panel B: a rectangle as
the target object. The boxes labeled “true” are the true bounding box for the object
of interest. Note that the object of interest can sometimes be partially obscured by
some of the noise objects (line segments and circles).

a scene image, the type of the object and its bounding box are automatically available
to us from the generation process. So, there is no need for any labor-intensive labeling
of the training images. This very efficient process in which the input features and
labels are synthesized together is used in many testing and prototyping environments
for deep-learning models and is a technique you should be familiar with. However,
training object-detection models meant for real-life image inputs requires manually
labeled real scenes. Luckily, there are such labeled datasets available. The Common
Object in Context (COCO) dataset is one of them (see http://cocodataset.org).

After the training completes, the model should be able to localize and classify the
target objects with reasonably good accuracy (as shown by the examples in figure
5.13). To understand how the model learns this object-detection task, dive with us into
the code in the next section.

Deep dive into simple object detection

Now let’s build the neural network to solve the synthesized object-detection problem.
As before, we build our model on the pretrained MobileNet model in order to use the
powerful general visual feature extractor in the model’s convolutional layers. This is
what the loadTruncatedBase () method in listing 5.9 does. However, a new challenge
our new model faces is how to predict two things at the same time: determining what
shape the target object is and finding its coordinates in the image. We haven’t seen
this type of “dual-task prediction” before. The trick we use here is to let the model out-
put a tensor that encapsulates both predictions, and we will design a new loss function
that measures how well the model is doing in both tasks at once. We could train two
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separate models, one for classifying the shape and one for predicting the bounding
box. But compared with using a single model to perform both tasks, running two
models will involve more computation and more memory usage and doesn’t leverage
the fact that feature-extracting layers can be shared between the two tasks. (The fol-
lowing code is from simple-object-detection/train.js.)

Listing 5.9 Defining a model for simple object learning based on truncating MobileNet'*

const topLayerGroupNames = [ Sets what layers to
'conv_pw_9', 'conv_pw_10', 'conv_pw_11']; unfreeze for fine-tuning

const topLayerName =
*${topLayerGroupNames [ topLayerGroupNames.length - 1]}_relu’;

async function loadTruncatedBase() {
const mobilenet = await tf.loadLayersModel (
'https://storage.googleapis.com/' +
'tfjs-models/tfjs/mobilenet_vl1_0.25_224/model.json') ;

const fineTuninglLayers = [];
const layer = mobilenet.getLayer (topLayerName) ;
const truncatedBase =

Gets an intermediate
layer: the last feature-

Forms the tf :model ({ . . extraction layer
truncated inputs: mobilenet.inputs,
MobileNet outputs: layer.output

)
for (const layer of truncatedBase.layers) {

layer.trainable = false; Freezes all feature-
for (const groupName of topLayerGroupNames) { exﬂacﬁonlayenfor
if (layer.name.indexOf (groupName) === 0) { theinkhlphaseof
fineTuningLayers.push (layer) ; ﬂanﬁerharMng
break;
} Keeps track of layers
} that will be unfrozen
} during fine-tuning
return {truncatedBase, fineTuningLayers};
} The length-5 output consists of a
length-1 shape indicator and a
. function buildNewHead (inputShape) { length-4 bounding box (see figure 5.14).
Builds the new const newHead = tf.sequential();
head'POdel newHead.add (tf.layers.flatten ({inputShape})) ;
@rthes"“Ph newHead.add (tf.layers.dense({units: 200, activation: 'relu'}));
object-detection newHead.add (tf.layers.dense ({units: 5})); <
task return newHead;
}
async function buildObjectDetectionModel () {
const {truncatedBase, fineTuningLayers} = await loadTruncatedBase() ;

const newHead = buildNewHead (truncatedBase.outputs[0].shape.slice(1l));
const newOutput = newHead.apply (truncatedBase.outputs[0]) ;
const model = tf.model ({ Puts the new head model on top of the

truncated MobileNet to form the
entire model for object detection

' Some code for checking error conditions is removed for clarity.
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inputs: truncatedBase.inputs,

outputs: newOutput T Puts the new head model on top of
1} the truncated MobileNet to form the
return {model, fineTuningLayers}; entire model for object detection

The key part of the “dual-task” model is built by the buildNewHead () method in listing
5.9. A schematic drawing of the model is shown in the left part of figure 5.14. The new
head consists of three layers. A flatten layer shapes the output of the last convolutional
layer of the truncated MobileNet base so that dense layers can be added later on. The
first dense layer is a hidden one with a relu nonlinearity. The second dense layer is the
final output of the head and hence the final output of the entire object-detection
model. This layer has the default linear activation. It is the key to understanding how
this model works and therefore needs to be looked at carefully.

Object-detection model

s

~N Custom loss function
New head Prediction -

Truncated MobileNet( flatten dﬁ1 d‘eﬁT ﬁ
%

Figure 5.
how the

Shape Tr l b l = _> LOSS
indicator ue labels

Bounding _"@’

boxes

AN

14 The object-detection model and the custom loss function that it is based on. See listing 5.9 for
model (the left part) is constructed. See listing 5.10 for how the custom loss function is written.

As you can see from the code, the final dense layer has an output unit count of 5.
What do the five numbers represent? They combine the shape prediction and the
bounding-box prediction. Interestingly, what determines their meaning is not the
model itself, but rather the loss function that will be used on it. Previously, you saw var-
ious types of loss functions that can be straightforward string names such as "mean-
SquaredError" and are suitable to their respective machine-learning tasks (for
example, see table 3.6 in chapter 3). However, this is only one of two ways to specify
loss functions in TensorFlow.js. The other way, which is what we are using here,
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involves defining a custom JavaScript function that satisfies a certain signature. The
signature is as follows:

= Two input arguments: 1) the true labels of the input examples and 2) the corre-
sponding predictions of the model. Each of them is represented as a 2D tensor.
The shape of the two tensors ought to be identical, with the first dimension of
each tensor being the batch size.

= The return value is a scalar tensor (a tensor of shape []) whose value is the
mean loss of the examples in the batch.

Our custom loss function, written according to this signature, is shown in listing 5.10
and graphically illustrated in the right part of figure 5.14. The first input to custom-
LossFunction (yTrue) is the true label tensor, which has a shape of [batchSize, 5].
The second input (yPred) is the model’s output prediction, with exactly the same
shape as yTrue. Of the five dimensions along the second axis of yTrue (the five col-
umns, if we view it as a matrix), the first one is a 0-1 indicator for the shape of the tar-
get object (0 for triangle and 1 for rectangle). This is determined by how the data is
synthesized (see simple-object-detection/synthetic_images.js). The remaining four
columns are the target object’s bounding box—that is, its left, right, top, and bottom
values—each of which ranges from 0 to CANVAS_SIZE (224). The number 224 is the
height and width of the input images and comes from the input image size to
MobileNet, which our model is based on.

Listing 5.10 Defining the custom loss function for the object-detection task

const labelMultiplier = tf.tensorld([CANVAS_SIZE, 1, 1, 1, 11);
function customLossFunction(yTrue, yPred) ({

return tf.tidy(() => {
return tf.metrics.meanSquaredError (
vTrue.mul (labelMultiplier), yPred); <
3
} The shape-indicator column of yTrue is scaled by CANVAS_SIZE

(224) to ensure approximately equal contribution to the loss by
shape prediction and bounding-box prediction.

The custom loss function takes yTrue and scales its first column (the 0-1 shape indica-
tor) by CANVAS_SIZE, while leaving the other columns unchanged. It then calculates
the MSE between yPred and the scaled yTrue. Why do we scale the 0-1 shape label in
yTrue? We want the model to output a number that represents whether it predicts the
shape to be a triangle or a rectangle. Specifically, it outputs a number close to 0 for tri-
angle and a number close to CANVAS_SIZE (224) for rectangle. So, during inference
time, we can just compare the first value in the model’s output with CANVAS_SIZE/2
(112) to get the model’s prediction of whether the shape is more like a triangle or a
rectangle. The question is then how to measure the accuracy of this shape prediction
in order to come up with a loss function. Our answer is to compute the difference
between this number and the 0-1 indicator, multiplied by CANVAS_SIZE.
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Why do we do this instead of using binary cross entropy as we did for the phishing-
detection example in chapter 3?7 We need to combine two metrics of accuracy here:
one for the shape prediction and one for the bounding-box prediction. The latter
task involves predicting continuous values and can be viewed as a regression task.
Therefore, MSE is a natural metric for bounding boxes. In order to combine the met-
rics, we just “pretend” that the shape prediction is also a regression task. This trick
allows us to use a single metric function (the tf.metric.meanSquaredError () call in
listing 5.10) to encapsulate the loss for both predictions.

But why do we scale the 0-1 indicator by CANVAS_SIZE? Well, if we didn’t do this
scaling, our model would end up generating a number in the neighborhood of 0-1 as
an indicator for whether it predicts the shape to be a triangle (close to 0) or a rectan-
gle (close to 1). The difference between numbers around the [0, 1] interval would
clearly be much smaller compared to the differences we get from comparing the true
bounding box and the predicted ones, which are in the range of 0-224. As a result,
the error signal from the shape prediction would be totally overshadowed by the error
signal from the bounding-box prediction, which would not help us get accurate shape
predictions. By scaling the 0-1 shape indicator, we make sure the shape prediction
and bounding-box prediction contribute about equally to the final loss value (the
return value of customLossFunction()), so that when the model is trained, it will
optimize both types of predictions at once. In exercise 4 at the end of this chapter, you
are encouraged to experiment with this scaling yourself.'?

With the data prepared and the model and loss function defined, we are ready to
train our model! The key parts of the model training code are shown in listing 5.11
(from simple-object-detection/train.js). Like the fine-tuning we’ve seen before (sec-
tion 5.1.3), the training proceeds in two phases: an initial phase, during which only
the new head layers are trained, and a fine-tuning phase, during which the new head
layers are trained together with the top few layers of the truncated MobileNet base. It
should be noted that the compile () method must be invoked (again) right before the
fine-tuning fit () call in order for the changes to the trainable property of the layers
to take effect. If you run the training on your own machine, it’ll be easy to observe a
significant downward jump in the loss values as soon as the fine-tuning phase starts,
reflecting an increase in the capacity of the model and the adaptation of the unfrozen
feature-extraction layers to the unique features in the object-detection data as a result
of their unfreezing. The list of layers unfrozen during the fine-tuning is determined
by the fineTuningLayers array, which is populated when we truncate the MobileNet

12 An alternative to the scaling and meanSquaredError-based approach here is to take the first column of
yPred as the shape probability score and compute the binary cross entropy with the first column of yTrue.
Then the binary cross entropy value can be summed together with the MSE calculated on the remaining col-
umns of yTrue and yPred. But in this alternative approach, the cross entropy needs to be scaled properly to
ensure the balance with the bounding-box loss, just like in our current approach. The scaling involves a free
parameter whose value needs to be carefully selected. In practice, it becomes an additional hyperparameter
of the model and requires time and compute resources to tune, which is a downside of the approach. We
opted against the approach in favor of our current approach for simplicity.
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(see the loadTruncatedBase () function in listing 5.9). These are the top nine layers
of the truncated MobileNet. In exercise 3 at the end of the chapter, you can experi-
ment with unfreezing fewer or more top layers of the base and observe how they
change the accuracy of the model produced by the training process.

Listing 5.11 Phase two of training the object-detection model

const {model, fineTuninglLayers} = await buildObjectDetectionModel () ;
model.compile ({
loss: customLossFunction, Uses a relatively high learning
optimizer: tf.train.rmsprop(5e-3) rate for the initial phase
)i

await model.fit (images, targets, {
epochs: args.initialTransferEpochs,
batchSize: args.batchSize,
validationSplit: args.validationSplit
)i

Performs the initial phase
of transfer learning

// Fine-tuning phase of transfer learning.

for (const layer of fineTuningLayers) { <G+ ﬁnequmngphaﬁgﬁans

layer.trainable = true; <—— Unfreezes some layers for fine-tuning
}
model.compile ({

loss: custombLossFunction, Uses a slightly lower learning

optimizer: tf.train.rmsprop(2e-3) | pate for the ﬁne-tuning phase
)

await model.fit (images, targets, {

epochs: args.fineTuningEpochs, During the fine-tuning phase, we reduce

batchSize: args.batchSize / 2, < batchSize to avoid out-of-memory issues

validationSplit: args.validationSplit caused by the fact that backpropagation
})i < Performs the fine-tuning phase involves more weights and consumes

more memory than the initial phase.

After the fine-tuning ends, the model is saved to the disk and is then loaded during
the in-browser inference step (started by the yarn watch command). If you load a
hosted model, or if you have spent the time and compute resources to train a reason-
ably good model on your own machine, the shape and bounding-box prediction
you’ll see in the inference page should be fairly good (validation loss at <100 after 100
epochs of initial training and 200 epochs of fine-tuning). The inference results are
good but not perfect (see the examples in figure 5.13). When you examine the
results, keep in mind that the in-browser evaluation is a fair one and reflects the
model’s true generalization power because the examples the trained model is tasked
to solve in the browser are different from the training and validation examples that it
has seen during the transfer-learning process.

To wrap up this section, we showed how a model trained previously on image classifi-
cation can be applied successfully to a different task: object detection. In doing this, we
demonstrated how to define a custom loss function to fit the “dual-task” (shape classifi-
cation + bounding-box regression) nature of the object-detection problem and how to
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use the custom loss during model training. This example not only illustrates the basic
principles behind object detection but also highlights the flexibility of transfer learning
and the range of problems it may be used on. Object-detection models used in produc-
tion applications are, of course, more complex and involve more tricks than the toy
example we built using a synthesized dataset here. Info box 5.3 briefly presents some
interesting facts about advanced object-detection models, and describes how they are
different from the simple example you just saw and how you can use one of them
through TensorFlow js.

INFo Box 5.3 Production object-detection models

0.853 kite

0690 kite

An example object-detection result from the
TensorFlow.js version of the Single-Shot
Detection (SSD) model. Notice the multiple
bounding boxes and their associated object
class and confidence scores.

Object detection is an important task of interest to many types of applications, such
as image understanding, industrial automation, and self-driving cars. The most well-
known state-of-the-art object-detection models include the Single-Shot Detection®
(SSD, for which an example inference result is shown in the figure) and You Only Look
Once (YOLO).> These models are similar to the model we saw in our simple-object-
detection example in the following regards:

They predict both the class and location of objects.

They are built on pretrained image-classification models such as MobileNet
and VGG16° and are trained through transfer learning.

Wei Liu et al., “SSD: Single Shot MultiBox Detector,” Lecture Notes in Computer Science
9905, 2016, http://mng.bz/G4qD.

Joseph Redmon et al., “You Only Look Once: Unified, Real-Time Object Detection,” Pro-
ceedings IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2016, pp.
779-788, http://mng.bz/zIp1.

¢ Karen Simonyan and Andrew Zisserman, “Very Deep Convolutional Networks for Large-Scale
Image Recognition,” submitted 4 Sept. 2014, https://arxiv.org/abs/1409.1556.
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(continued)
However, they are also different from our toy model in many regards:

Real object-detection models predict many more classes of objects than our
simple model (for example, the COCO dataset has 80 object categories; see
http://cocodataset.org/#home).

They are capable of detecting multiple objects in the same image (see the
example figure).

Their model architectures are more complex than the one in our simple
model. For example, the SSD model adds multiple new heads on top of a
truncated pretrained image model in order to predict the class confidence
score and bounding boxes for multiple objects in the input image.

Instead of using a single meanSquaredError metric as the loss function, the
loss function of a real object-detection model is a weighted sum of two types
of losses: 1) a softmax cross-entropy-like loss for the probability scores pre-
dicted for object classes and 2) a meanSquaredError Or meanAbsolute-
Error-like loss for bounding boxes. The relative weight between the two types
of loss values is carefully tuned to ensure balanced contributions from both
sources of error.

Real object-detection models produce a large number of candidate bounding
boxes per input image. These bounding boxes are “pruned” so that the ones
with the highest object-class probability scores are retained in the final output.
Some real object-detection models incorporate “prior knowledge” about the
location of object bounding boxes. These are educated guesses for where the
bounding boxes are in the image, based on analysis of a larger number of
labeled real images. The priors help speed up the training of the models by
starting from a reasonable initial state instead of from complete random
guesses (as is in our simple-object-detection example).

A few real object-detection models have been ported to TensorFlow.js. For example,
one of the best ones you can play with is in the coco-ssd directory of the tfjs-models
repository. To see it in action, do the following:

git clone https://github.com/tensorflow/tfjs-models.git
cd tfjs-models/coco-ssd/demo
varn && yarn watch

If you are interested in learning more about real object-detection models, you can
read the following blog posts. They are for the SSD model and YOLO model, respec-
tively, which use different model architecture and postprocessing techniques:

“Understanding SSD MultiBox—Real-Time Object Detection In Deep Learn-
ing” by Eddie Forson: http://mng.bz/07dJ.

“Real-time Object Detection with YOLO, YOLOv2, and now YOLOv3” by Jona-
than Hui: http://mng.bz/KEgX.
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So far in this book, we’ve tackled machine-learning datasets that are handed to us and
ready to be explored. They are well-formatted, having been cleaned up through the
painstaking work by data scientists and machine-learning researchers before us, to the
degree that we can focus on modeling without worrying too much about how to ingest
the data and whether the data is correct. This is true for the MNIST and audio data-
sets used in this chapter; it’s also certainly true for the phishing-website and iris-flower
datasets we used in chapter 3.

We can safely say that this is never the case for real-world machine-learning prob-
lems you will encounter. Most of a machine-learning practitioner’s time is in fact spent
on acquiring, preprocessing, cleaning, verifying, and formatting the data.’® In the
next chapter, we’ll teach you the tools available in TensorFlow.js to make these data-
wrangling and ingestion workflows easier.

Exercises

When we visited the mnist-transfer-cnn example in section 5.1.1, we pointed out
that setting the trainable property of a model’s layers won’t take effect during
training, unless the model’s compile() method is called before the training.
Verify that by making some changes to the retrainModel () method in the
index js file of the example. Specifically,
Add a this.model.summary () call right before the line with this.model
.compile (), and observe the numbers of trainable and nontrainable param-
eters. What do they show? How are they different from the numbers you get
after the compile () call?
Independent from the previous item, move the this.model.compile() call
to the part right before the setting of the trainable property of the feature
layers. In other words, set the property of those layers after the compile()
call. How does that change the training speed? Is the speed consistent with
only the last several layers of the model being updated? Can you find other
ways to confirm that, in this case, the weights of the first several layers of the
models are updated during training?
During the transfer learning in section 5.1.1 (listing 5.1), we froze the first two
conv2d layers by setting their trainable properties to false before starting the
fit() call. Can you add some code to the index.js in the mnist-transfer-cnn
example to verify that the weights of the conv2d layers are indeed unaltered by
the fit () call? Another approach we experimented with in the same section
was calling fit () without freezing the layers. Can you verify that the weight val-
ues of the layers are indeed altered by the fit () call in that case? (Hint: recall
that in section 2.4.2 of chapter 2, we used the layers attribute of a model
object and its getWeights () method to access the value of weights.)

13 Gil Press, “Cleaning Big Data: Most Time-Consuming, Least Enjoyable Data Science Task, Survey Says,” Forbes,
23 Mar. 2016, http://mng.bz/9wqj.
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Convert the Keras MobileNetV2'* (not MobileNetV1!—we already did that)
application into the TensorFlow.js format, and load it into TensorFlow.js in the
browser. Refer to info box 5.1 for detailed steps. Can you use the summary ()
method to examine the topology of MobileNetV2 and identify its main differ-
ences from MobileNetV1?
One of the important things about the fine-tuning code in listing 5.8 is that the
compile () method of the model is called again after unfreezing the dense layer
in the base model. Can you do the following?
Use the same method from exercise 2 to verify that the weights (kernel and
bias) of the dense layer are indeed not altered by the first £it () call (the one
for the initial phase of transfer learning) and that they indeed are by the sec-
ond fit () call (the one for the fine-tuning phase).
Try commenting out the compile() call after the unfreezing line (the line
that changes the value of the trainable attribute) and see how that affects
the weight value changes you just observed. Convince yourself that the
compile() callis indeed necessary for letting changes in the frozen/unfrozen
states of the model take effect.
Change the code and try unfreezing more weight-carrying layers of the base
speech-command model (for instance, the conv2d layer before the second-
last dense layer) and see how that affects the outcome of the fine-tuning.
In the custom loss function we defined for the simple object-detection task, we
scaled the 0-1 shape label so the error signal from the shape prediction could
match the error signal from the bounding-box prediction (see listing 5.10).
Experiment with what happens if this scaling is not done by removing the mul ()
call in the code in listing 5.10. Convince yourself that this scaling is necessary
for ensuring reasonably accurate shape predictions. This can also be done by
simply replacing the instances of customLossFunction with meanSquaredError
during the compile() call (see listing 5.11). Also note that removal of the scal-
ing during training needs to be accompanied by a change in the thresholding
during inference time: change the threshold from CANVAS_SIZE/2 to 1/2 in the
inference logic (in simple-object-detection/index.js).
The fine-tuning phase in the simple object-detection example involved unfreez-
ing the nine top layers of the truncated MobileNet base (see how fineTuning-
Layers is populated in listing 5.9). A natural question to ask is, why nine? In
this exercise, change the number of unfrozen layers by including fewer or more
layers in the fineTuningLayers array. What do you expect to see in the follow-
ing quantities when you unfreeze fewer layers during fine-tuning: 1) the final
loss value and 2) the time each epoch takes in the fine-tuning phase? Does the

4 Mark Sandler et al., “MobileNetV2: Inverted Residuals and Linear Bottlenecks,” revised 21 Mar. 2019,
https://arxiv.org/abs/1801.04381.
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experiment result match your expectations? How about unfreezing more layers
during fine-tuning?

Summary

Transfer learning is the process of reusing a pretrained model or a part of it on
a learning task related to, but different from, the one that the model was origi-
nally trained for. This reusing speeds up the new learning task.

In practical applications of transfer learning, people often reuse convnets that
have been trained on very large classification datasets, such as MobileNet
trained on the ImageNet dataset. Due to the sheer size of the original dataset
and the diversity of the examples it contains, such pretrained models bring with
them convolutional layers that are powerful, general-purpose feature extractors
for a wide variety of compute-vision problems. Such layers are difficult, if not
impossible, to train with the small amount of data that are available in typical
transfer-learning problems.

We discussed several general approaches of transfer learning in TensorFlowjs,
which differ from each other in terms of 1) whether new layers are created as
the “new head” for transfer learning and 2) whether the transfer learning is
done with one model instance or two. Each approach has its pros and cons and
is suited for different use cases (see table 5.1).

By setting the trainable attribute of a model’s layer, we can prevent its weights
from being updated during training (Model.fit () calls). This is referred to as
freezing and is used to “protect” the base model’s feature-extraction layers
during transfer learning.

In some transfer-learning problems, we can boost the new model’s perfor-
mance by unfreezing a few top layers of the base model after an initial phase of
training. This reflects the adaptation of the unfrozen layers to the unique fea-
tures in the new dataset.

Transfer learning is a versatile and flexible technique. The base model can help
us solve problems that are different from the one that it is originally trained on.
We illustrated this point by showing how to train an object-detection model
based on MobileNet.

Loss functions in TensorFlow.js can be defined as custom JavaScript functions
that operate on tensor inputs and outputs. As we showed in the simple object-
detection example, custom loss functions are often needed to solve practical
machine-learning problems.






Part 3

Advanced deep learning
with Tensorllow.js

After reading parts 1 and 2, you should now be familiar with how basic
deep learning is done in TensorFlow.js. Part 3 is intended for users who want to
develop a firmer grasp of the techniques and gain a broader understanding of
deep learning. Chapter 6 covers techniques for ingesting, transforming, and
using data for machine learning. Chapter 7 presents tools for visualizing data
and models. Chapter 8 is concerned with the important phenomena of underfit-
ting and overfitting and how to deal with them effectively. Based on this discus-
sion, we introduce the universal workflow of machine learning. Chapters 9-11
are hands-on tours of three advanced areas: sequence-oriented models, genera-
tive models, and reinforcement learning, respectively. They will familiarize you
with some of the most exciting frontiers of deep learning.






Working with data

This chapter covers

= How to use the tf.data API to train models using large
datasets

= Exploring your data to find and fix potential issues

= How to use data augmentation to create new “pseudo-
examples” to improve model quality

The wide availability of large volumes of data is a major factor leading to today’s
machine-learning revolution. Without easy access to large amounts of high-quality
data, the dramatic rise in machine learning would not have happened. Datasets are
now available all over the internet—freely shared on sites like Kaggle and OpenML,
among others—as are benchmarks for state-of-the-art performance. Entire
branches of machine learning have been propelled forward by the availability of
“challenge” datasets, setting a bar and a common benchmark for the community.!
If machine learning is our generation’s Space Race, then data is clearly our rocket

! See how ImageNet propelled the field of object recognition or what the Netflix challenge did for collabo-
rative filtering.
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fuel;? it’s potent, it’s valuable, it’s volatile, and it’s absolutely critical to a working
machine-learning system. Not to mention that polluted data, like tainted fuel, can
quickly lead to systemic failure. This chapter is about data. We will cover best practices
for organizing data, how to detect and clean out issues, and how to use it efficiently.

“But haven’t we been working with data all along?” you might protest. It’s true—in
previous chapters we worked with all sorts of data sources. We’ve trained image mod-
els using both synthetic and webcam-image datasets. We’ve used transfer learning to
build a spoken-word recognizer from a dataset of audio samples, and we accessed tab-
ular datasets to predict prices. So what’s left to discuss? Aren’t we already proficient in
handling data?

Recall in our previous examples the patterns of our data usage. We’ve typically
needed to first download our data from a remote source. Then we (usually) applied
some transformation to get our data into the correct format—for instance, by convert-
ing strings into one-hot vocabulary vectors or by normalizing the means and variances
of tabular sources. We have then always needed to batch our data and convert it into a
standard block of numbers represented as a tensor before connecting it to our model.
All this before we even ran our first training step.

This download-transform-batch pattern is very common, and TensorFlow.js comes
packaged with tooling to make these types of manipulations easier, more modular,
and less error prone. This chapter will introduce the tools in the tf.data namespace:
most importantly, tf.data.Dataset, which can be used to lazily stream data. The lazy-
streaming approach allows for downloading, transforming, and accessing data on an
as-needed basis rather than downloading the data source in its entirety and holding it
in memory as it is accessed. Lazy streaming makes it much easier to work with data
sources that are too large to fit in a single browser tab or even too large within the
RAM of a single machine.

We will first introduce the tf.data.Dataset APl and show how to configure it and
connect it to a model. We will then introduce some theory and tooling to help you
review and explore your data and resolve problems you might discover. The chapter
wraps up by introducing data augmentation, a method for expanding a dataset to
improve model quality by creating synthetic pseudo-examples.

6.1 Using tf.data to manage data

How would you train a spam filter if your email database were hundreds of gigabytes
and required special credentials to access? How can you construct an image classifier
if your database of training images is too large to fit on a single machine?

Accessing and manipulating large volumes of data is a key skill for the machine-
learning engineer, but so far, we have been dealing with applications in which the data
could conceivably fit within the memory available to our application. Many applica-
tions require working with large, cumbersome, and possibly privacy-sensitive data

2 Credit for the analogy to Edd Dumbill, “Big Data Is Rocket Fuel,” Big Data, vol. 1, no. 2, pp. 71-72.
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sources that this technique is not suitable for. Large applications require technology
for accessing data from a remote source, piece by piece, on demand.

TensorFlow.js comes packaged with an integrated library designed just for this sort
of data management. It is built to enable users to ingest, preprocess, and route data in
a concise and readable way, inspired by the tf.data API in the Python version of
TensorFlow. Assuming your code imports TensorFlow.js using an import statement like

import * as tf from '@tensorflow/tfjs';

this functionality will be available under the tf.data namespace.

6.1.1 The tf.data.Dataset object

Most interaction with tfjs-data comes through a single object type called Dataset.
The tf.data.Dataset object provides a simple, configurable, and performant way to
iterate over and process large (possibly unlimited) lists of data elements.® In the coars-
est abstraction, you can imagine a dataset as an iterable collection of arbitrary ele-
ments, not unlike the Stream in Node.js. Whenever the next element is requested
from the dataset, the internal implementation will download it, access it, or execute a
function to create it, as needed. This abstraction makes it easy for the model to train
on more data than can conceivably be held in memory at once. It also makes it conve-
nient to share and organize datasets as first-class objects when there is more than one
dataset to keep track of. Dataset provides a memory benefit by streaming only the
required bits of data, rather than accessing the whole thing monolithically. The Data-
set API also provides performance optimizations over the naive implementation by
prefetching values that are about to be needed.

6.1.2 Creating a tf.data.Dataset

As of TensorFlow.js version 1.2.7, there are three ways to connect up tf.data .Dataset
to some data provider. We will go through each in some detail, but table 6.1 contains a
brief summary.

CREATING A TF.DATA.DATASET FROM AN ARRAY

The simplest way to create a new tf.data.Dataset is to build one from a JavaScript
array of elements. Given an array already in memory, you can create a dataset backed
by the array using the tf.data.array () function. Of course, it won’t bring any train-
ing speed or memory-usage benefit over using the array directly, but accessing an
array via a dataset offers other important benefits. For instance, using datasets makes
it easier to set up preprocessing and makes our training and evaluation easier through
the simple model.fitDataset () and model.evaluateDataset () APIs, as we will see in

* In this chapter, we will use the term elements frequently to refer to the items in the Dataset. In most cases,
element is synonymous with example or datapoint—that is, in the training dataset, each element is an (x, y) pair.
When reading from a CSV source, each element is a row of the file. Dataset is flexible enough to handle
heterogeneous types of elements, but this is not recommended.



204

CHAPTER 6 Working with data

Table 6.1 Creating a tf.data.Dataset object from a data source

How to get a new

tf.data.Dataset

How to use it to build a dataset

From a JavaScript array of
elements; also works for
typed arrays like
Float32Array

From a (possibly remote)
CSV file, where each row is
an element

From a generic generator
function that yields ele-
ments

tf.

tf.

tf.
generatorFunction)

data.array(items)

data.csv(
source,
csvConfig)

data.generator (

const dataset =
tf.data.array([1,2,3,4,5]1);

See listing 6.1 for more.

const dataset =
tf.data.csv("https://path/to/my.csv") ;

See listing 6.2 for more.

The only required parameter is the URL from which

to read the data. Additionally, csvConfig accepts

an object with keys to help guide the parsing of the

CSV file. For instance,

+ columnNames—A string[] can be provided to
set the names of the columns manually if they
don’t exist in a header or need to be overridden.

+ delimiter—A single character string can be
used to override the default comma delimiter.

+ columnConfigs—A map of string columnName
to columnConfig objects can be provided to
guide the parsing and return type of the dataset.
The columnConfig will inform the parser of the
element’s type (string or int), or if the column is to
be considered as the dataset label.

+ configuredColumnsOnly—Whether to return
data for each column in the CSV or only those col-
umns included in the columnConfigs object.

More detail is available in the API docs at
js.tensorflow.org.

function* countDownFromlO0 () {
for (let i=10; i>0; i--) {
yield (i) ;

}

const dataset =

tf.data.generator (countDownFroml0) ;
See listing 6.3 for more.

Note that the argument passed to
tf.data.generator () when called with no argu-
ments returns a Generator object.

section 6.2. In contrast tomodel.fit (x, y),model.fitDataset (myDataset) does not

immediately move all of the data into GPU memory, meaning that it is possible to
work with datasets larger than the GPU can hold. Realize that the memory limit of the
V8 JavaScript engine (1.4 GB on 64-bit systems) is usually larger than TensorFlow.js
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can hold in WebGL memory at a time. Using the tf.data API is also good software
engineering practice, as it makes it easy to swap in another type of data in a modular
fashion without changing much code. Without the dataset abstraction, it is easy to let
the details of the implementation of the dataset source leak into its usage in the train-
ing of the model, an entanglement that will need to be unwound as soon as a different
implementation is used.

To build a dataset from an existing array, use tf.data.array(itemsAsArray), as
shown in the following listing.

Listing 6.1 Building a t£.data.Dataset from an array

const myArray = [{xs: [1, 0, 9], ys: 10}, Creates the tfjs-data dataset
{xs: [5, 1, 3], ys: 11}, backed by an array. Note that
{xs: [1, 1, 91, ys: 12}1; this does not clone the array

const myFirstDataset = tf.data.array(myArray); or its elements.

await myFirstDataset.forEachAsync (
e => console.log(e));

// Yields output like Uses the forEachAsync() method to iterate on all values
// {xs: Array(3), ys: 10} provided by the dataset. Note that forEachAsync() is an
/) {xs: Array(3), ys: 11} async function, and hence you should use await with it.

// {xs: Array(3), ys: 12}

We iterate over the elements of the dataset using the forEachAsync () function, which
yields each element in turn. See more details about the Dataset . forEachAsync func-
tion in section 6.1.3.

Elements of datasets may contain JavaScript primitives® (such as numbers and
strings) as well as tuples, arrays, and nested objects of such structures, in addition to
tensors. In this tiny example, the three elements of the dataset all have the same struc-
ture. They are all objects with the same keys and the same type of values at those keys.
tf.data.Dataset can in general support a mixture of types of elements, but the com-
mon use case is that dataset elements are meaningful semantic units of the same type.
Typically, they should represent examples of the same kind of thing. Thus, except in
very unusual use cases, each element should have the same type and structure.

CREATING A TF.DATA.DATASET FROM A CSV FILE

A very common type of dataset element is a key-value object representing one row of
a table, such as one row of a CSV file. The next listing shows a very simple program
that will connect to and list out the Boston-housing dataset, the one we first used in
chapter 2.

* If you are familiar with the Python TensorFlow implementation of tf.data, you may be surprised that
tf.data.Dataset can contain JavaScript primitives in addition to tensors.
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Listing 6.2 Building a tf.data.Dataset from a CSV file

const myURL = Creates the tfjs-
"https://storage.googleapis.com/tfjs-examples/" + data dataset
"multivariate-linear-regression/data/train-data.csv"; backedbya
const myCSVDataset = tf.data.csv(myURL); < remote CSV file
await myCSVDataset .forEachAsync (e => console.log(e)); <«

// Yields output of 333 rows like
// {crim: 0.327, zn: 0, indus: 2.18, chas: 0, nox: 0.458, rm: 6.998,

// age: 45.8, tax: 222} Uses the forEachAsync() method to iterate on

SRR all values provided by the dataset. Note that
forEachAsync() is an async function.

Instead of tf.data.array(), here we use tf.data.csv() and point to a URL of a GSV
file. This will create a dataset backed by the CSV file, and iterating over the dataset will
iterate over the CSV rows. In Node.js, we can connect to a local CSV file by using a
URL handle with the file:// prefix, like the following:

> const data = tf.data.csv(
'file://./relative/fs/path/to/boston-housing-train.csv');

When iterating, we see that each CSV row is transformed into a JavaScript object. The
elements returned from the dataset are objects with one property for each column of
the CSV, and the properties are named according to the column names in the CSV
file. This is convenient for interacting with the elements in that it is no longer neces-
sary to remember the order of the fields. Section 6.3.1 will go into more detail describ-
ing how to work with CSVs and will go through an example.

CREATING A TF.DATA.DATASET FROM A GENERATOR FUNCTION

The third and most flexible way to create a tf.data.Dataset is to build one from a
generator function. This is done using the tf.data.generator() method.
tf.data.generator () takes a JavaScript generator function (or function*)® as its argu-
ment. If you are not familiar with generator functions, which are relatively new to
JavaScript, you may wish to take a moment to read their documentation. The purpose
of a generator function is to “yield” a sequence of values as they are needed, either
forever or until the sequence is exhausted. The values that are yielded from the gener-
ator function flow through to become the values of the dataset. A very simple genera-
tor function might, for instance, yield random numbers or extract snapshots of data
from a piece of attached hardware. A sophisticated generator may be integrated with a
video game, yielding screen captures, scores, and control input-output. In the follow-
ing listing, the very simple generator function yields samples of dice rolls.

® Learn more about ECMAscript generator functions at http://mng.bz/QOrj.
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Listing 6.3 Building a tf.data.Dataset for random dice rolls

let numPlaysSoFar = 0; = numPlaysSoFar is closed over by rollTwoDice(),
( which allows us to calculate how many times

function rollTwoDice () D
the function is executed by the dataset.

numPlaysSoFar++;
return [Math.ceil (Math.random() * 6), Math.ceil (Math.random() * 6)1];
}

function* rollTwoDiceGeneratorFn() { Defines a generator function (using
while (true) { function* syntax) that will yield the
yield rollTwoDice() ; result of calling rollTwoDice() an
} unlimited number of times

}

const myGeneratorDataset = tf.data.generator (
rollTwoDiceGeneratorFn) ;

awalit myGeneratorDataset.take(1l) .forEachAsync ( ‘
e => console.log(e)); \

The dataset is created here.

// Prints to the console a value like Takes a sample of exactly one element of
/7 14, 2] the dataset. The take() method will be
described in section 6.1.4.

A couple of interesting notes regarding the game-simulation dataset created in listing
6.3. First, note that the dataset created here, myGeneratorDataset, is infinite. Since
the generator function never returns, we could conceivably take samples from the
dataset forever. If we were to execute forEachAsync() or toArray() (see section
6.1.3) on this dataset, it would never end and would probably crash our server or
browser, so watch out for that. In order to work with such objects, we need to create
some other dataset that is a limited sample of the unlimited one using take (n). More
on this in a moment.

Second, note that the dataset closes over a local variable. This is helpful for log-
ging and debugging to determine how many times the generator function has been
executed.

Third, note that the data does not exist until it is requested. In this case, we only
ever access exactly one sample of the dataset, and this would be reflected in the value
of numPlaysSoFar.

Generator datasets are powerful and tremendously flexible and allow developers
to connect models to all sorts of data-providing APIs, such as data from a database
query, from data downloaded piecemeal over the network, or from a piece of con-
nected hardware. More details about the tf.data.generator () API are provided in
info box 6.1.
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INFo Box 6.1 tf.data.generator() argument specification

The tf.data.generator () APl is flexible and powerful, allowing the user to hook the
model up to many sorts of data providers. The argument passed to tf.data.gener-
ator () must meet the following specifications:

It must be callable with zero arguments.

When called with zero arguments, it must return an object that conforms to
the iterator and iterable protocol. This means that the returned object must
have a method next (). When next () is called with no arguments, it should
return a JavaScript object {value: ELEMENT, done: false} in order to
pass forward the value ELEMENT. When there are no more values to return, it
should return {value: undefined, done: true}.

JavaScript’s generator functions return Generator objects, which meet this spec and
are thus the easiest way to use tf.data.generator (). The function may close over
local variables, access local hardware, connect to network resources, and so on.

Table 6.1 contains the following code illustrating how to use tf.data.generator ():

function* countDownFromlO () {
for (let i = 10; i > 0; i--) {
yvield(1i);
}
}
const dataset = tf.data.generator (countDownFromlO) ;

If you wish to avoid using generator functions for some reason and would rather
implement the iterable protocol directly, you can also write the previous code in the
following, equivalent way:

function countDownFromlOFunc () {
let 1 = 10;
return {
next: () => {
if (1 > 0) {
return {value: i--, done: false};
} else {
return {done: true};

}

}

const dataset = tf.data.generator (countDownFromlOFunc) ;
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Accessing the data in your dataset

Once you have your data as a dataset, inevitably you are going to want to access the
data in it. Data structures you can create but never read from are not really useful.
There are two APIs to access the data from a dataset, but tf.data users should only
need to use these infrequently. More typically, higher-level APIs will access the data
within a dataset for you. For instance, when training a model, we use the model. fit-
Dataset () API, described in section 6.2, which accesses the data in the dataset for us,
and we, the users, never need to access the data directly. Nevertheless, when debug-
ging, testing, and coming to understand how the Dataset object works, it’s important
to know how to peek into the contents.

The first way to access data from a dataset is to stream it all out into an array using
Dataset.toArray (). This function does exactly what it sounds like. It iterates through
the entire dataset, pushing all the elements into an array and returning that array to
the user. The user should use caution when executing this function to not inadver-
tently produce an array that is too large for the JavaScript runtime. This mistake is
easy to make if, for instance, the dataset is connected to a large remote data source or
is an unlimited dataset reading from a sensor.

The second way to access data from a dataset is to execute a function on each
example of the dataset using dataset.forEachaAsync (f). The argument provided to
forEachAsync () will apply to each element in turn in a way similar to the forEach()
construct in JavaScript arrays and sets—that is, the native Array.forEach() and
Set.forEach().

It is important to note that Dataset.forEachAsync () and Dataset.toArray() are
both async functions. This is in contrast to Array. forEach (), which is synchronous, so
it might be easy to make a mistake here. Dataset.toArray () returns a promise and
will in general require await or .then() if synchronous behavior is required. Take
care that if await is forgotten, the promise might not resolve in the order you expect,
and bugs will arise. A typical bug is for the dataset to appear empty because the con-
tents are iterated over before the promise resolves.

The reason why Dataset . forEachAsync () is asynchronous while Array.forEach()
is not is that the data being accessed by the dataset might, in general, need to be cre-
ated, calculated, or fetched from a remote source. Asynchronicity here allows us to
make efficient use of the available computation while we wait. These methods are
summarized in table 6.2.
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Table 6.2 Methods that iterate over a dataset

Instance method of
the tf.data.Dataset

object What it does Example

.toArray () Asynchronously iter- const a = tf.data.array([1, 2, 3, 4, 5, 6]);
ates over the entire const arr = await a.toArray();
dataset and pushes console.log (arr) ;
each element into an
array, which is // 1,2,3,4,5,6
returned

.forEachAsync (f) Asynchronously iter- const a = tf.data.array([1, 2, 3]);
ates over all the ele- await a.forEachAsync (e => console.log("hi " + e));
ments of the dataset
and executes £ on // hi 1
each // hi 2

// hi 3

6.1.4 Manipulating tfjs-data datasets

It certainly is very nice when we can use data directly as it has been provided, without
any cleanup or processing. But in the experience of the authors, this almost never hap-
pens outside of examples constructed for educational or benchmarking purposes. In
the more common case, the data must be transformed in some way before it can be
analyzed or used in a machine-learning task. For instance, often the source contains
extra elements that must be filtered; or data at certain keys needs to be parsed, deseri-
alized, or renamed; or the data was stored in sorted order and thus needs to be ran-
domly shuffled before using it to train or evaluate a model. Perhaps the dataset must
be split into nonoverlapping sets for training and testing. Preprocessing is nearly inev-
itable. If you come across a dataset that is clean and ready-to-use out of the box,
chances are that someone already did the cleanup and preprocessing for you!
tf.data.Dataset provides a chainable API of methods to perform these sorts of
operations, described in table 6.3. Each of these methods returns a new Dataset
object, but don’t be misled into thinking that all the elements of the dataset are cop-
ied or that all the elements are iterated over for each method call! The tf.data
.Dataset API only loads and transforms elements in a lazy fashion. A dataset that was
created by chaining together several of these methods can be thought of as a small
program that will execute only once elements are requested from the end of the
chain. It is only at that point that the Dataset instance crawls back up the chain of
operations, possibly all the way to requesting data from the remote source.
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Table 6.3 Chainable methods on the tf.data.Dataset object

Instance method of the

tf.data.Dataset object

What it does

Example

.filter (predicate)

.map (transform)

.mapAsync (
asyncTransform)

.batch(
batchSize,
smallLastBatch?)

.concatenate (
dataset)

.repeat (count)

.take (count)

.skip (count)

Returns a dataset con-
taining only elements for
which the predicate evalu-
ates to true

Applies the provided func-
tion to every element in
the dataset and returns a
new dataset of the
mapped elements

Like map, but the provided
function must be asyn-
chronous

Bundles sequential spans
of elements into single-
element groups and con-
verts primitive elements
into tensors

Concatenates the ele-
ments from two datasets
together to form a new
dataset

Returns a dataset that
will iterate over the origi-
nal dataset multiple (pos-
sibly unlimited) times

Returns a dataset con-
taining only the first
count examples

Returns a dataset that
skips the first count
examples

myDataset.filter(x => x < 10);

Returns a dataset containing only values from
myDataset that are less than 10.

myDataset.map (x => x * X);

Returns a dataset of the squared values of the original
dataset.

myDataset .mapAsync (fetchAsync) ;

Assuming fetchAsync is an asynchronous function
that yields the data fetched from a provided URL, will
return a new dataset containing the data at each URL.

const a = tf.data.array(
[, 2, 3, 4, 5, 6, 7,
.batch(4) ;

await a.forEach(e => e.print());

81)

// Prints:
// Tensor [1, 2, 3, 4]
// Tensor [5, 6, 7, 8]

myDatasetl.concatenate (myDataset2)

Returns a dataset that will iterate over all the values of
myDatasetl first, and then over all the values of
myDataset2.

myDataset.repeat (NUM_EPOCHS)

Returns a dataset that will iterate over all the values of
myDataset NUM_EPOCHS times. If NUM_EPOCHS is
negative or undefined, the result will iterate an unlimited
number of times.

myDataset.take(10) ;

Returns a dataset containing only the first 10 elements
of myDataset. If myDataset contains fewer than 10
elements, then there is no change.

myDataset.skip (10) ;

Returns a dataset that contains all the elements of
myDataset except the first 10. If myDataset contains
10 or fewer elements, this returns an empty dataset.
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Table 6.3 Chainable methods on the tf.data.Dataset object (continued)

Instance method of the
What it does

tf.data.Dataset object

Example

.shuffle( Produces a dataset that
bufferSize, shuffles the elements of
seed? the original dataset

) Be aware: this shuffling is
done by selecting ran-
domly within a window of
size bufferSize; thus,
the ordering beyond the
size of the window is pre-
served.

const a = tf.data.array(

[1, 2, 3, 4, 5, 6]).shuffle(3);
await a.forEach(e => console.log(e));
// prints, e.g., 2, 4, 1, 3, 6, 5
Prints the values 1 through 6 in a randomly shuffled
order. The shuffle is partial, in that not all orders are
possible since the window is smaller than the total data
size. For example, it is not possible that the last ele-
ment, 6, will now be the first in the new order, since the
6 would need to move back more than buffersize (3)

spaces.

These operations can be chained together to create simple but powerful processing
pipelines. For instance, to split a dataset randomly into training and testing datasets,
you can follow the recipe in the following listing (see tfjs-examples/iris-fitDataset/
data.js).

Listing 6.4 Creating a train/test split using t f£.data.Dataset

const seed = Math.floor(

Math.random() * 10000) ; Gt
const trainData = tf.data.array(IRIS_RAW_DATA)

.shuffle(IRIS_RAW_DATA.length, seed);

We use the same shuffle
seed for the training and
<~ testing data; otherwise

Takes the first [~ -Eare () they will be shuffled
N samples -map (preprocessFn) ; independently, and some
for the const testData = tf.data.array(IRIS_RAW_DATA) samples will be in both

.shuffle(IRIS_RAW_DATA.length,
.skip (N) ;
.map (preprocessFn) ;

seed) ; < training and testing.

training data

Skips the first N samples for
the testing data

There are some important considerations to attend to in this listing. We would like to
randomly assign samples into the training and testing splits, and thus we shuftle the
data first. We take the first N samples for the training data. For the testing data, we skip
those samples, taking the rest. It is very important that the data is shuffled the same way
when we are taking the samples, so we don’t end up with the same example in both
sets; thus we use the same random seed for both when sampling both pipelines.

It’s also important to notice that we apply the map () function after the skip opera-
tion. It would also be possible to call .map (preprocessFn) before the skip, but then the
preprocessFn would be executed even for examples we discard—a waste of computa-
tion. This behavior can be verified with the following listing.
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Listing 6.5 lllustrating Dataset.forEach skip() and map () interactions

let count = 0;

// Identity function which also increments count.
function identityFn(x) {

count += 1;

return Xx;

}
console.log('skip before map') ;
await tf.data.array([1, 2, 3, 4, 5, 6])

-skip(6) < Skips then maps
.map (identityFn)

.forEachAsync (x => undefined) ;
console.log( count is S${count}’);

console.log('map before skip');
await tf.data.array([1, 2, 3, 4, 5, 6])

-map (identityFn) <~ Maps then skips
.skip(6)
.forEachAsync (x => undefined) ;
console.log( count is S${count}’);

// Prints:

// skip before map

// count is 0

// map before skip

// count is 6

Another common use for dataset.map () is to normalize our input data. We can imag-

ine a scenario in which we wish to normalize our input to be zero mean, but we have an

unlimited number of input samples. In order to subtract the mean, we would need to

first calculate the mean of the distribution, but calculating the mean of an unlimited

setis not tractable. We could also consider taking a representative sample and calculat-

ing the mean of that sample, but we could be making a mistake if we don’t know what

the right sample size is. Consider a distribution in which nearly all values are 0, but

every ten-millionth example has a value of 1e9. This distribution has a mean value of

100, but if you calculate the mean on the first 1 million examples, you will be quite off.
We can perform a streaming normalization using the dataset API in the following

way (listing 6.6). In this listing, we will keep a running tally of how many samples we’ve

seen and what the sum of those samples has been. In this way, we can perform a

streaming normalization. This listing operates on scalars (not tensors), but a version

designed for tensors would have a similar structure.

Listing 6.6 Streaming normalization using tf.data.map ()

function newStreamingZeroMeanFn () {
let samplesSoFar = 0;
let sumSoFar = 0;

Returns a unary function, which
will return its input minus the
mean of all its input so far

return (x) => {
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samplesSoFar += 1;
sumSoFar += Xx;
const estimatedMean = sumSoFar / samplesSoFar;
return x - estimatedMean;
}
}
const normalizedDatasetl =
unNormalizedDatasetl.map (newStreamingZeroMeanFn () ) ;
const normalizedDataset2 =
unNormalizedDataset2.map (newStreamingZeroMeanFn () ) ;
Note that we generate a new mapping function, which closes over its own copy of the
sample counter and accumulator. This is to allow for multiple datasets to be normalized
independently. Otherwise, both datasets would use the same variables to count invoca-
tions and sums. This solution is not without its own limitations, especially with the possi-

bility of numeric overflow in sumSoFar or samplesSoFar, so some care is warranted.

6.2 Training models with model.fitDataset

The streaming dataset API is nice, and we’ve seen that it allows us to do some elegant
data manipulation, but the main purpose of the tf.data APl is to simplify connecting
data to our model for training and evaluation. How is tf.data going to help us here?

Ever since chapter 2, whenever we’ve wanted to train a model, we’ve used the
model.fit () API Recall that model.fit () takes at least two mandatory arguments—
xs and ys. As a reminder, the xs variable must be a tensor that represents a collection
of input examples. The ys variable must be bound to a tensor that represents a corre-
sponding collection of output targets. For example, in the previous chapter’s listing
5.11, we trained and fine-tuned on our synthetic object-detection model with calls like

model. fit (images, targets, modelFitArgs)

where images was, by default, a rank-4 tensor of shape [2000, 224, 224, 3], repre-
senting a collection of 2,000 images. The modelFitArgs configuration object specified
the batch size for the optimizer, which was by default 128. Stepping back, we see that
TensorFlow.js was given an in-memory6 collection of 2,000 examples, representing the
entirety of the data, and then looped through that data 128 examples at a time to
complete each epoch.

What if this wasn’t enough data, and we wanted to train with a much larger dataset?
In this situation, we are faced with a pair of less than ideal options. Option 1 is to load
a much larger array and see if it works. At some point, however, TensorFlow.js is going
to run out of memory and emit a helpful error indicating that it was unable to allocate
the storage for the training data. Option 2 is for us to instead upload our data to the
GPU in separate chunks and call model.fit () on each chunk. We would need to per-
form our own orchestration of model.fit (), training our model on pieces of our
training data iteratively whenever it is ready. If we wanted to perform more than
one epoch, we would need to go back and re-download our chunks again in some

% In GPUmemory, which is usually more limited than the system RAM!
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(presumably shuffled) order. Not only is this orchestration cumbersome and error
prone, but it also interferes with TensorFlow’s own reporting of the epoch counter
and reported metrics, which we will be forced to stitch back together ourselves.

Tensorflow.js provides us a much more convenient tool for this task using the
model . fitDataset () APL

model.fitDataset (dataset, modelFitDatasetArgs)

model.fitDataset () accepts a dataset as its first argument, but the dataset must meet
a certain pattern to work. Specifically, the dataset must yield objects with two proper-
ties. The first property is named xs and has a value of type Tensor, representing the
features for a batch of examples; this is similar to the xs argument to model.fit (),
but the dataset yields elements one batch at a time rather than the whole array at
once. The second required property is named ys and contains the corresponding tar-
get tensor.’ Compared to model.fit (), model.fitDataset () provides a number of
advantages. Foremost, we don’t need to write code to manage and orchestrate the
downloading of pieces of our dataset—this is handled for us in an efficient, as-needed
streaming manner. Caching structures built into the dataset allow for prefetching data
that is anticipated to be needed, making efficient use of our computational resources.
This API call is also more powerful, allowing us to train on much larger datasets than
can fit on our GPU. In fact, the size of the dataset we can train on is now limited only
by how much time we have because we can continue to train for as long as we are able
to get new training examples. This behavior is illustrated in the data-generator exam-
ple in the tfjs-examples repository.

In this example, we will train a model to learn how to estimate the likelihood of
winning a simple game of chance. As usual, you can use the following commands to
check out and run the demo:

git clone https://github.com/tensorflow/tfjs-examples.git

cd tfjs-examples/data-generator

yarn

yvarn watch

The game used here is a simplified card game, somewhat like poker. Both players are
given N cards, where N is a positive integer, and each card is represented by a random
integer between 1 and 13. The rules of the game are as follows:

The player with the largest group of same-valued cards wins. For example, if
player 1 has three of a kind, and player 2 has only a pair, player 1 wins.

If both players have the same-sized maximal group, then the player with the
group with the largest face value wins. For example, a pair of 5s beats a pair of 4s.
If neither player even has a pair, the player with the highest single card wins.
Ties are settled randomly, 50/50.

7 For models with multiple inputs, an array of tensors is expected instead of the individual feature tensors. The
pattern is similar for models fitting multiple targets.
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It should be easy to convince yourself that each player has an equal chance of win-
ning. Thus, if we know nothing about our cards, we should only be able to guess
whether we will win or not half of the time. We will build and train a model that takes
as input player 1’s cards and predicts whether that player will win. In the screenshot in
figure 6.1, you should see that we were able to achieve approximately 75% accuracy
on this problem after training on about 250,000 examples (50 epochs * 50 batches per
epoch * 100 samples per batch). Five cards per hand were used in this simulation, but
similar accuracies are achieved for other counts. Higher accuracies are achievable by
running with larger batches and for more epochs, but even at 75%, our intelligent
player has a significant advantage over the naive player at estimating the likelihood
that they will win.

If we were to perform this operation using model.fit (), we would need to create
and store a tensor of 250,000 examples just to represent the input features. The data
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Figure 6.1 The Ul of the data-generator example. A description of the rules of the game and a button to run
simulations are at top-left. Below that are the generated features and the data pipeline. The Dataset-to-Array
button runs the chained dataset operations that will simulate the game, generate features, batch samples
together, take N such batches, convert them to an array, and print the array out. At top-right, there are affordances
to train a model using this data pipeline. When the user clicks the Train-Model-Using-Fit-Dataset button, the
model.fitDataset () operation takes over and pulls samples from the pipeline. Loss and accuracy curves are
printed below this. At bottom-right, the user may enter values for player 1’s hand and press a button to make
predictions from the model. Larger predictions indicate that the model believes the hand is more likely to win.
Values are drawn with replacement, so five of a kind can happen.
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in this example are pretty small—only tens of floats per instance—but for our object-
detection task in the previous chapter, 250,000 examples would have required 150 GB
of GPU memory,® far beyond what is available in most browsers in 2019.

Let’s take a dive into relevant portions of this example. First, let’s look at how we
generate our dataset. The code in the following listing (simplified from tfjs-exam-
ples/data-generator/index js) is similar to the dice-rolling generator dataset in listing
6.3, with a bit more complexity since we are storing more information.

Listing 6.7 Building a tf.data.Dataset for our card game

mport * as game from !./game; The game library provides

let numSimulationsSoFar = 0; randomHand() and compareHands(),
functions to generate a hand from a
function runOneGamePlay () { simplified poker-like card game and
const playerlHand = game.randomHand() ; to compare two such hands to tell
const player2Hand = game.randomHand () ; which player has won.

const playerlWin = game.compareHands (

imul layers in
playerlHand, player2Hand) ; Simulates two players in a

simple, poker-like card game

Calculates numSimulationsSoFar++;

the winner return {playerlHand, player2Hand, playerlWin};

of the game Returns the two
hands and who won

function* gameGeneratorFunction() {
while (true) {
yvield runOneGamePlay () ;
}
}

export const GAME_GENERATOR_DATASET =
tf.data.generator (gameGeneratorFunction) ;

await GAME_GENERATOR_DATASET.take(l) .forEach (
e => console.log(e));

// Prints

// {playerlHand: [11, 9, 7, 8],

// player2Hand: [10, 9, 5, 11,

// playerlWin: 1}

Once we have our basic generator dataset connected up to the game logic, we want to
format the data in a way that makes sense for our learning task. Specifically, our task is
to attempt to predict the playerlwin bit from the playerlHand. In order to do so, we
are going to need to make our dataset return elements of the form [batchOf-
Features, batchOfTargets], where the features are calculated from player 1’s hand.
The following code is simplified from tfjs-examples/data-generator/index js.

8 numFExamples x width x height x colorDepth x sizeOfInt32 = 250,000 x 224 x 224 x 3 x 4 bytes .
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Listing 6.8 Building a dataset of player features
function gameToFeaturesAndLabel (gameState) { <
return tf.tidy(() => {
const playerlHand = tf.tensorld(gameState.playerlHand, 'int32');
constfhani?niHot thféoniI;ot( lar(1. 'int3ar), Takes the state of one complete
-sublplayerihand, th.scatar{l, ‘in ’ game and returns a feature
game .GAME_STATE.max_card_value) ; representation of player 1’s
const features = tf.sum(handOneHot, 0); <+— hand and the win status
const label = tf.tensorld([gameState.playerlWin]);  handOneHot has the shape
return {xs: features, ys: label}; [numCards,
3 max_value_card]. This
} operation sums the
number of each type of
let BATCH_SIZE = 50; card, resulting in a tensor
export const TRAINING_DATASET = with thelshape q
— GAME_GENERATOR_DATASET . map (gameToFeaturesAndLabel) | LMax_value_card].

.batch (BATCH_SIZE); <

Groups together BATCH_SIZE
consecutive elements into a
single element. This would
// Prints the shape of the tensors: also convert the data from
// [[50, 131, [50, 111 JavaScript arrays to tensors if
they weren't already tensors.

await TRAINING_DATASET.take(1l) .forEach (
e => console.log([e.shape, e.shapel));

Converts each element from the game output
object format to an array of two tensors: one for
the features and one for the target

Now that we have a dataset in the proper form, we can connect it to our model
using model.fitDataset (), as shown in the following listing (simplified from tfjs-
examples/data-generator/index js).

Listing 6.9 Building and training a model on the dataset

This call launches the training.
How many batches constitutes an epoch. Since our dataset

// Construct model. is unlimited, this needs to be defined to tell TensorFlow.js
model = tf.sequential(); when to execute the epoch-end callback.
model.add (tf.layers.dense ({

inputShape: [game.GAME_STATE.max_card_value],

units: 20,

activation: 'relu'
1))
model.add(tf.layers.dense({units: 20, activation: 'relu'}));
model.add(tf.layers.dense({units: 1, activation: 'sigmoid'}));

// Train model

L await model.fitDataset (TRAINING_DATASET, {
batchesPerEpoch: ui.getBatchesPerEpoch(), <
epochs: ui.getEpochsToTrain(),
validationData: TRAINING_DATASET, <

We are using the training data as validation data. Normally this is bad, since
we will get a biased impression of how well we are doing. In this case, it is
not a problem since the data used for training and the data used for
validation are guaranteed to be independent by virtue of the generator.
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validationBatches: 10,
callbacks: {
onEpochEnd: async (epoch, logs) => {
tfvis.show.history (

We need to tell TensorFlow.js how many
samples to take from the validation
dataset to constitute one evaluation.

ui.lossContainerElement, trainLogs, ['loss', 'val_loss'l])
tfvis.show.history ( <
ui.accuracyContainerElement, trainLogs, ['acc', 'val_acc'],

{zoomToFitAccuracy: true})

model fitDataset() creates
history that is compatible with
} thvis, just like model.fit().

As we see in the previous listing, fitting a model to a dataset is just as simple as fitting a
model to a pair of x, y tensors. As long as our dataset yields tensor values in the right
format, everything just works, we get the benefit of streaming data from a possibly
remote source, and we don’t need to manage the orchestration on our own. Beyond
passing in a dataset instead of a tensor pair, there are a few differences in the configu-
ration object that merit discussion:

batchesPerEpoch—As we saw in listing 6.9, the configuration for model.fit-
Dataset () takes an optional field for specifying the number of batches that
constitute an epoch. When we handed the entirety of the data to model.fit (),
it was easy to calculate how many examples there are in the whole dataset. It’s
just data.shape[0]! When using fitDataset (), we can tell TensorFlow.js when
an epoch ends in one of two ways. The first way is to use this configuration field,
and fitDataset () will execute onEpochEnd and onEpochStart callbacks after
that many batches. The second way is to have the dataset itself end as a signal
that the dataset is exhausted. In listing 6.7, we could change

while (true) { ... }
to
for (let i = 0; i<ui.getBatchesPerEpoch(); i++) { ... }

to mimic this behavior.

validationData—When using fitDataset (), the validationData may be a
dataset also. But it doesn’t have to be. You can continue to use tensors for
validationData if you want to. The validation dataset needs to meet the same
specification with respect to the format of returned elements as the training
dataset does.

validationBatches—If your validation data comes from a dataset, you need to
tell TensorFlow.js how many samples to take from the dataset to constitute a
complete evaluation. If no value is specified, then TensorFlow.js will continue to
draw from the dataset until it returns a done signal. Because the code in listing
6.7 uses a never-ending generator to generate the dataset, this would never hap-
pen, and the program would hang.

The rest of the configuration is identical to that of the model.fit() API, so no
changes are necessary.
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CHAPTER 6 Working with data

Common patterns for accessing data

All developers need some solutions for connecting their data to their model. These
connections range from common stock connections, to well-known experimental
datasets like MNIST, to completely custom connections, to proprietary data formats
within an enterprise. In this section, we will review how tf.data can help to make
these connections simple and maintainable.

Working with CSV format data

Beyond working with common stock datasets, the most common way to access data
involves loading prepared data stored in some file format. Data files are often stored
in CSV (comma separated value) format’ due to its simplicity, human readability, and
broad support. Other formats have other advantages in storage efficiency and access
speed, but CSV might be considered the lingua franca of datasets. In the JavaScript
community, we typically want to be able to conveniently stream data from some HTTP
endpoint. This is why TensorFlow.js provides native support for streaming and manip-
ulating data from CSV files. In section 6.1.2, we briefly described how to construct a
tf.data.Dataset backed by a CSV file. In this section, we will dive deeper into the
CSV API to show how tf.data makes working with these data sources very easy. We
will describe an example application that connects to remote CSV datasets, prints
their schema, counts the elements of the dataset, and offers the user an affordance to
select and print the individual examples. Check out the example using the familiar
commands:
git clone https://github.com/tensorflow/tfjs-examples.git
cd tfjs-examples/data-csv
varn && yarn watch
This should pop open a site that instructs us to enter the URL of a hosted CSV file or to
use one of the suggested four URLs by clicking, for example, Boston Housing CSV. See
figure 6.2 for an illustration. Underneath the URL entry input box, buttons are provided
to perform three actions: 1) count the rows in the dataset, 2) retrieve the column names
of the CSV, if they exist, and 3) access and print a specified sample row of the dataset.
Let’s go through how these work and how the tf.data API makes them very easy.

We saw earlier that creating a tfjs-data dataset from a remote CSV is very simple
using a command like

const myData = tf.data.csv(url);

where url is either a string identifier using the http://, https://, or file:// protocol, or
a RequestInfo. This call does not actually issue any requests to the URL to check
whether, for example, the file exists or is accessible, because of the lazy iteration. In
listing 6.10, the CSV is first fetched at the asynchronous myData. forEach() call. The

9 As of January 2019, the data science and machine-learning challenge site kaggle.com/datasets boasts 13,971
public datasets, of which over two-thirds are hosted in the CSV format.
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Figure 6.2 Web Ul for our tfjs-data CSV example. Click one of the preset CSV buttons at the top or
enter a path to your own hosted CSV, if you have one. Be sure to enable CORS access for your CSV if
you go with your own hosted file.

function we call in the forEach () will simply stringify and print elements in the data-
set, but we could imagine doing other things with this iterator, such as generating Ul
elements for every element in the set or computing statistics for a report.

Listing 6.10 Printing the first 10 records in a remote CSV file

const url = document.getElementById('queryURL') .value;

ZOZiE ﬂyﬁztz z a}t(i (?z)tafzz :;;1() ’ 4—‘ Creates the tfjs-data dataset by
v Y ) : L. providing the URL to tf.data.csv()
1> X => console.log(JSON.stringify(x))));

// Output is like

// {"crim":0.26169,"zn":0, "indus":9.9, "chas":0, "nox":0.544, "rm":6.023,
// ,"medv":19.4}

// {"crim":5.70818,"zn":0,"indus":18.1, "chas":0, "nox":0.532,"rm":6.75,
// ,"medv":23.7}

//

Creates a dataset consisting of the first 10 rows of the CSV dataset. Then, uses the forEach() method to
iterate over all values provided by the dataset. Note that forEach() is an async function.

CSV datasets often use the first row as a metadata header containing the names associ-
ated with each column. By default, tf.data.csv () assumes this to be the case, but it
can be controlled using the csvConfig object passed in as the second argument. If
column names are not provided by the CSV file itself, they can be provided manually
in the constructor like so:

const myData = tf.data.csv(url, {
hasHeader: false,
columnNames: ["firstName", "lastName", "id"]

1)
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If you provide a manual columnNames configuration to the CSV dataset, it will take
precedence over the header row read from the data file. By default, the dataset will
assume the first line is a header row. If the first row is not a header, the absence must
be configured and columnNames provided manually.

Once the CSvDataset object exists, it is possible to query it for the column names
using dataset.columnNames (), which returns an ordered string list of the column
names. The columnNames () method is specific to the CSVDataset subclass and is not
generally available from datasets built from other sources. The Get Column Names
button in the example is connected to a handler that uses this API. Requesting the
column names results in the Dataset object making a fetch call to the provided URL
to access and parse the first row; thus the async call in the following listing (condensed
from tfjs-examples/csv-data/index.js).

Listing 6.11 Accessing column names from a CSV

const url = document.getElementById('queryURL') .value;
const myData = tf.data.csv(url);

const columnNames = await myData.columnNames () ;
console.log (columnNames) ;
// Outputs something like [
// "crim", "zn", "indus", ..., "tax",
// "ptratio", "lstat"] for Boston Housing

Contacts the remote
CSV to collect and
parse the column
headers

Now that we have the column names, let’s get a row from our dataset. In listing 6.12,
we show how the web app prints out a single selected row of the CSV file, where the
user selects which row via an input element. In order to fulfill this request, we will first
use the Dataset.skip() method to create a new dataset the same as the original one,
but skipping the first n - 1 elements. We will then use the Dataset.take () method to
create a dataset that ends after one element. Finally, we will use Dataset.toArray () to
extract the data into a standard JavaScript array. If everything goes right, our request
will produce an array that contains exactly one element at the specified position. This
sequence is put together in the following listing (condensed from tfjs-examples/ csv-
data/index.js).

Listing 6.12 Accessing a selected row from a remote CSV

samplelndex is a number Creates the dataset myData, configured