


Chapter 1. The Machine Learning
Landscape

Not so long ago, if you had picked up your phone and asked it the way home,
it would have ignored you—and people would have questioned your sanity.
But machine learning is no longer science fiction: billions of people use it
every day. And the truth is it has actually been around for decades in some
specialized applications, such as optical character recognition (OCR). The
first ML application that really became mainstream, improving the lives of
hundreds of millions of people, took over the world back in the 1990s: the
spam filter. It’s not exactly a self-aware robot, but it does technically qualify
as machine learning: it has actually learned so well that you seldom need to
flag an email as spam anymore. It was followed by hundreds of ML
applications that now quietly power hundreds of products and features that
you use regularly: voice prompts, automatic translation, image search,
product recommendations, and many more.

Where does machine learning start and where does it end? What exactly does
it mean for a machine to learn something? If I download a copy of all
Wikipedia articles, has my computer really learned something? Is it suddenly
smarter? In this chapter I will start by clarifying what machine learning is and
why you may want to use it.

Then, before we set out to explore the machine learning continent, we will
take a look at the map and learn about the main regions and the most notable
landmarks: supervised versus unsupervised learning and their variants, online
versus batch learning, instance-based versus model-based learning. Then we
will look at the workflow of a typical ML project, discuss the main
challenges you may face, and cover how to evaluate and fine-tune a machine
learning system.

This chapter introduces a lot of fundamental concepts (and jargon) that every
data scientist should know by heart. It will be a high-level overview (it’s the



What Is Machine Learning?
Machine learning is the science (and art) of programming computers so they
can learn from data.

Here is a slightly more general definition:

[Machine learning is the] field of study that gives computers the ability to
learn without being explicitly programmed.

—Arthur Samuel, 1959

And a more engineering-oriented one:

A computer program is said to learn from experience E with respect to
some task T and some performance measure P, if its performance on T, as
measured by P, improves with experience E.

—Tom Mitchell, 1997

Your spam filter is a machine learning program that, given examples of spam
emails (flagged by users) and examples of regular emails (nonspam, also
called “ham”), can learn to flag spam. The examples that the system uses to
learn are called the training set. Each training example is called a training
instance (or sample). The part of a machine learning system that learns and
makes predictions is called a model. Neural networks and random forests are
examples of models.

In this case, the task T is to flag spam for new emails, the experience E is the
training data, and the performance measure P needs to be defined; for
example, you can use the ratio of correctly classified emails. This particular
performance measure is called accuracy, and it is often used in classification
tasks.

If you just download a copy of all Wikipedia articles, your computer has a lot
more data, but it is not suddenly better at any task. This is not machine
learning.



Why Use Machine Learning?
Consider how you would write a spam filter using traditional programming
techniques (Figure 1-1):

1. First you would examine what spam typically looks like. You might
notice that some words or phrases (such as “4U”, “credit card”, “free”,
and “amazing”) tend to come up a lot in the subject line. Perhaps you
would also notice a few other patterns in the sender’s name, the email’s
body, and other parts of the email.

2. You would write a detection algorithm for each of the patterns that you
noticed, and your program would flag emails as spam if a number of
these patterns were detected.

3. You would test your program and repeat steps 1 and 2 until it was good
enough to launch.

Figure 1-1. The traditional approach



Types of Machine Learning Systems
There are so many different types of machine learning systems that it is
useful to classify them in broad categories, based on the following criteria:

How they are supervised during training (supervised, unsupervised,
semi-supervised, self-supervised, and others)

Whether or not they can learn incrementally on the fly (online versus
batch learning)

Whether they work by simply comparing new data points to known data
points, or instead by detecting patterns in the training data and building a
predictive model, much like scientists do (instance-based versus model-
based learning)

These criteria are not exclusive; you can combine them in any way you like.
For example, a state-of-the-art spam filter may learn on the fly using a deep
neural network model trained using human-provided examples of spam and
ham; this makes it an online, model-based, supervised learning system.

Let’s look at each of these criteria a bit more closely.



Create a Test Set
It may seem strange to voluntarily set aside part of the data at this stage. After
all, you have only taken a quick glance at the data, and surely you should
learn a whole lot more about it before you decide what algorithms to use,
right? This is true, but your brain is an amazing pattern detection system,
which also means that it is highly prone to overfitting: if you look at the test
set, you may stumble upon some seemingly interesting pattern in the test data
that leads you to select a particular kind of machine learning model. When
you estimate the generalization error using the test set, your estimate will be
too optimistic, and you will launch a system that will not perform as well as
expected. This is called data snooping bias.

Creating a test set is theoretically simple; pick some instances randomly,
typically 20% of the dataset (or less if your dataset is very large), and set
them aside:

import numpy as np

def shuffle_and_split_data(data, test_ratio):
    shuffled_indices = np.random.permutation(len(data))
    test_set_size = int(len(data) * test_ratio)
    test_indices = shuffled_indices[:test_set_size]
    train_indices = shuffled_indices[test_set_size:]
    return data.iloc[train_indices], data.iloc[test_indices]

You can then use this function like this:

>>> train_set, test_set = shuffle_and_split_data(housing, 0.2)
>>> len(train_set)
16512
>>> len(test_set)
4128

Well, this works, but it is not perfect: if you run the program again, it will
generate a different test set! Over time, you (or your machine learning
algorithms) will get to see the whole dataset, which is what you want to
avoid.



One solution is to save the test set on the first run and then load it in
subsequent runs. Another option is to set the random number generator’s seed
(e.g., with np.random.seed(42))⁠  before calling np.random.permutation() so
that it always generates the same shuffled indices.

However, both these solutions will break the next time you fetch an updated
dataset. To have a stable train/test split even after updating the dataset, a
common solution is to use each instance’s identifier to decide whether or not
it should go in the test set (assuming instances have unique and immutable
identifiers). For example, you could compute a hash of each instance’s
identifier and put that instance in the test set if the hash is lower than or equal
to 20% of the maximum hash value. This ensures that the test set will remain
consistent across multiple runs, even if you refresh the dataset. The new test
set will contain 20% of the new instances, but it will not contain any instance
that was previously in the training set.

Here is a possible implementation:

from zlib import crc32

def is_id_in_test_set(identifier, test_ratio):
    return crc32(np.int64(identifier)) < test_ratio * 2**32

def split_data_with_id_hash(data, test_ratio, id_column):
    ids = data[id_column]
    in_test_set = ids.apply(lambda id_: is_id_in_test_set(id_, test_ratio))
    return data.loc[~in_test_set], data.loc[in_test_set]

Unfortunately, the housing dataset does not have an identifier column. The
simplest solution is to use the row index as the ID:

housing_with_id = housing.reset_index()  # adds an `index` column
train_set, test_set = split_data_with_id_hash(housing_with_id, 0.2, "index")

If you use the row index as a unique identifier, you need to make sure that
new data gets appended to the end of the dataset and that no row ever gets
deleted. If this is not possible, then you can try to use the most stable features
to build a unique identifier. For example, a district’s latitude and longitude
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def ratio_pipeline():
    return make_pipeline(
        SimpleImputer(strategy="median"),
        FunctionTransformer(column_ratio, feature_names_out=ratio_name),
        StandardScaler())

log_pipeline = make_pipeline(
    SimpleImputer(strategy="median"),
    FunctionTransformer(np.log, feature_names_out="one-to-one"),
    StandardScaler())
cluster_simil = ClusterSimilarity(n_clusters=10, gamma=1., random_state=42)
default_num_pipeline = make_pipeline(SimpleImputer(strategy="median"),
                                     StandardScaler())
preprocessing = ColumnTransformer([
        ("bedrooms", ratio_pipeline(), ["total_bedrooms", "total_rooms"]),
        ("rooms_per_house", ratio_pipeline(), ["total_rooms", "households"]),
        ("people_per_house", ratio_pipeline(), ["population", "households"]),
        ("log", log_pipeline, ["total_bedrooms", "total_rooms", "population",
                               "households", "median_income"]),
        ("geo", cluster_simil, ["latitude", "longitude"]),
        ("cat", cat_pipeline, make_column_selector(dtype_include=object)),
    ],
    remainder=default_num_pipeline)  # one column remaining: housing_median_age

If you run this ColumnTransformer, it performs all the transformations and
outputs a NumPy array with 24 features:

>>> housing_prepared = preprocessing.fit_transform(housing)
>>> housing_prepared.shape
(16512, 24)
>>> preprocessing.get_feature_names_out()
array(['bedrooms__ratio', 'rooms_per_house__ratio',
       'people_per_house__ratio', 'log__total_bedrooms',
       'log__total_rooms', 'log__population', 'log__households',
       'log__median_income', 'geo__Cluster 0 similarity', [...],
       'geo__Cluster 9 similarity', 'cat__ocean_proximity_<1H OCEAN',
       'cat__ocean_proximity_INLAND', 'cat__ocean_proximity_ISLAND',
       'cat__ocean_proximity_NEAR BAY', 'cat__ocean_proximity_NEAR OCEAN',
       'remainder__housing_median_age'], dtype=object)



Figure 4-9. With stochastic gradient descent, each training step is much faster but also much more
stochastic than when using batch gradient descent

When the cost function is very irregular (as in Figure 4-6), this can actually
help the algorithm jump out of local minima, so stochastic gradient descent
has a better chance of finding the global minimum than batch gradient
descent does.

Therefore, randomness is good to escape from local optima, but bad because
it means that the algorithm can never settle at the minimum. One solution to
this dilemma is to gradually reduce the learning rate. The steps start out large
(which helps make quick progress and escape local minima), then get smaller
and smaller, allowing the algorithm to settle at the global minimum. This
process is akin to simulated annealing, an algorithm inspired by the process
in metallurgy of annealing, where molten metal is slowly cooled down. The
function that determines the learning rate at each iteration is called the
learning schedule. If the learning rate is reduced too quickly, you may get
stuck in a local minimum, or even end up frozen halfway to the minimum. If



Decision Boundaries
We can use the iris dataset to illustrate logistic regression. This is a famous
dataset that contains the sepal and petal length and width of 150 iris flowers
of three different species: Iris setosa, Iris versicolor, and Iris virginica (see
Figure 4-22).

Figure 4-22. Flowers of three iris plant species⁠

Let’s try to build a classifier to detect the Iris virginica type based only on the
petal width feature. The first step is to load the data and take a quick peek:

>>> from sklearn.datasets import load_iris
>>> iris = load_iris(as_frame=True)
>>> list(iris)
['data', 'target', 'frame', 'target_names', 'DESCR', 'feature_names',
 'filename', 'data_module']
>>> iris.data.head(3)
   sepal length (cm)  sepal width (cm)  petal length (cm)  petal width (cm)
0                5.1               3.5                1.4               0.2
1                4.9               3.0                1.4               0.2
2                4.7               3.2                1.3               0.2
>>> iris.target.head(3)  # note that the instances are not shuffled
0    0
1    0
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2    0
Name: target, dtype: int64
>>> iris.target_names
array(['setosa', 'versicolor', 'virginica'], dtype='<U10')

Next we’ll split the data and train a logistic regression model on the training
set:

from sklearn.linear_model import LogisticRegression
from sklearn.model_selection import train_test_split

X = iris.data[["petal width (cm)"]].values
y = iris.target_names[iris.target] == 'virginica'
X_train, X_test, y_train, y_test = train_test_split(X, y, random_state=42)

log_reg = LogisticRegression(random_state=42)
log_reg.fit(X_train, y_train)

Let’s look at the model’s estimated probabilities for flowers with petal widths
varying from 0 cm to 3 cm (Figure 4-23):⁠

X_new = np.linspace(0, 3, 1000).reshape(-1, 1)  # reshape to get a column vector
y_proba = log_reg.predict_proba(X_new)
decision_boundary = X_new[y_proba[:, 1] >= 0.5][0, 0]

plt.plot(X_new, y_proba[:, 0], "b--", linewidth=2,
         label="Not Iris virginica proba")
plt.plot(X_new, y_proba[:, 1], "g-", linewidth=2, label="Iris virginica proba")
plt.plot([decision_boundary, decision_boundary], [0, 1], "k:", linewidth=2,
         label="Decision boundary")
[...] # beautify the figure: add grid, labels, axis, legend, arrows, and samples
plt.show()
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Chapter 6. Decision Trees

Decision trees are versatile machine learning algorithms that can perform
both classification and regression tasks, and even multioutput tasks. They are
powerful algorithms, capable of fitting complex datasets. For example, in
Chapter 2 you trained a DecisionTreeRegressor model on the California
housing dataset, fitting it perfectly (actually, overfitting it).

Decision trees are also the fundamental components of random forests (see
Chapter 7), which are among the most powerful machine learning algorithms
available today.

In this chapter we will start by discussing how to train, visualize, and make
predictions with decision trees. Then we will go through the CART training
algorithm used by Scikit-Learn, and we will explore how to regularize trees
and use them for regression tasks. Finally, we will discuss some of the
limitations of decision trees.



Manifold Learning
However, projection is not always the best approach to dimensionality
reduction. In many cases the subspace may twist and turn, such as in the
famous Swiss roll toy dataset represented in Figure 8-4.

Figure 8-4. Swiss roll dataset

Simply projecting onto a plane (e.g., by dropping x ) would squash different
layers of the Swiss roll together, as shown on the left side of Figure 8-5.
What you probably want instead is to unroll the Swiss roll to obtain the 2D
dataset on the right side of Figure 8-5.
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Figure 8-5. Squashing by projecting onto a plane (left) versus unrolling the Swiss roll (right)

The Swiss roll is an example of a 2D manifold. Put simply, a 2D manifold is
a 2D shape that can be bent and twisted in a higher-dimensional space. More
generally, a d-dimensional manifold is a part of an n-dimensional space
(where d < n) that locally resembles a d-dimensional hyperplane. In the case
of the Swiss roll, d = 2 and n = 3: it locally resembles a 2D plane, but it is
rolled in the third dimension.

Many dimensionality reduction algorithms work by modeling the manifold
on which the training instances lie; this is called manifold learning. It relies
on the manifold assumption, also called the manifold hypothesis, which holds
that most real-world high-dimensional datasets lie close to a much lower-
dimensional manifold. This assumption is very often empirically observed.

Once again, think about the MNIST dataset: all handwritten digit images
have some similarities. They are made of connected lines, the borders are
white, and they are more or less centered. If you randomly generated images,
only a ridiculously tiny fraction of them would look like handwritten digits.
In other words, the degrees of freedom available to you if you try to create a
digit image are dramatically lower than the degrees of freedom you have if
you are allowed to generate any image you want. These constraints tend to
squeeze the dataset into a lower-dimensional manifold.

The manifold assumption is often accompanied by another implicit
assumption: that the task at hand (e.g., classification or regression) will be
simpler if expressed in the lower-dimensional space of the manifold. For



Chapter 10. Introduction to
Artificial Neural Networks with
Keras

Birds inspired us to fly, burdock plants inspired Velcro, and nature has
inspired countless more inventions. It seems only logical, then, to look at the
brain’s architecture for inspiration on how to build an intelligent machine.
This is the logic that sparked artificial neural networks (ANNs), machine
learning models inspired by the networks of biological neurons found in our
brains. However, although planes were inspired by birds, they don’t have to
flap their wings to fly. Similarly, ANNs have gradually become quite
different from their biological cousins. Some researchers even argue that we
should drop the biological analogy altogether (e.g., by saying “units” rather
than “neurons”), lest we restrict our creativity to biologically plausible
systems.⁠
ANNs are at the very core of deep learning. They are versatile, powerful, and
scalable, making them ideal to tackle large and highly complex machine
learning tasks such as classifying billions of images (e.g., Google Images),
powering speech recognition services (e.g., Apple’s Siri), recommending the
best videos to watch to hundreds of millions of users every day (e.g.,
YouTube), or learning to beat the world champion at the game of Go
(DeepMind’s AlphaGo).

The first part of this chapter introduces artificial neural networks, starting
with a quick tour of the very first ANN architectures and leading up to
multilayer perceptrons, which are heavily used today (other architectures will
be explored in the next chapters). In the second part, we will look at how to
implement neural networks using TensorFlow’s Keras API. This is a
beautifully designed and simple high-level API for building, training,
evaluating, and running neural networks. But don’t be fooled by its
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Chapter 11. Training Deep Neural
Networks

In Chapter 10 you built, trained, and fine-tuned your first artificial neural
networks. But they were shallow nets, with just a few hidden layers. What if
you need to tackle a complex problem, such as detecting hundreds of types of
objects in high-resolution images? You may need to train a much deeper
ANN, perhaps with 10 layers or many more, each containing hundreds of
neurons, linked by hundreds of thousands of connections. Training a deep
neural network isn’t a walk in the park. Here are some of the problems you
could run into:

You may be faced with the problem of gradients growing ever smaller
or larger, when flowing backward through the DNN during training.
Both of these problems make lower layers very hard to train.

You might not have enough training data for such a large network, or it
might be too costly to label.

Training may be extremely slow.

A model with millions of parameters would severely risk overfitting the
training set, especially if there are not enough training instances or if
they are too noisy.

In this chapter we will go through each of these problems and present
techniques to solve them. We will start by exploring the vanishing and
exploding gradients problems and some of their most popular solutions. Next,
we will look at transfer learning and unsupervised pretraining, which can
help you tackle complex tasks even when you have little labeled data. Then
we will discuss various optimizers that can speed up training large models
tremendously. Finally, we will cover a few popular regularization techniques
for large neural networks.



that you can easily build any kind of model you want, even one that contains
loops and skip connections. To implement this model, it is best to first create
a ResidualBlock layer, since we are going to create a couple of identical
blocks (and we might want to reuse it in another model):

class ResidualBlock(tf.keras.layers.Layer):
    def __init__(self, n_layers, n_neurons, **kwargs):
        super().__init__(**kwargs)
        self.hidden = [tf.keras.layers.Dense(n_neurons, activation="relu",
                                             kernel_initializer="he_normal")
                       for _ in range(n_layers)]

    def call(self, inputs):
        Z = inputs
        for layer in self.hidden:
            Z = layer(Z)
        return inputs + Z

This layer is a bit special since it contains other layers. This is handled
transparently by Keras: it automatically detects that the hidden attribute
contains trackable objects (layers in this case), so their variables are
automatically added to this layer’s list of variables. The rest of this class is
self-explanatory. Next, let’s use the subclassing API to define the model
itself:

class ResidualRegressor(tf.keras.Model):
    def __init__(self, output_dim, **kwargs):
        super().__init__(**kwargs)
        self.hidden1 = tf.keras.layers.Dense(30, activation="relu",
                                             kernel_initializer="he_normal")
        self.block1 = ResidualBlock(2, 30)
        self.block2 = ResidualBlock(2, 30)
        self.out = tf.keras.layers.Dense(output_dim)

    def call(self, inputs):
        Z = self.hidden1(inputs)
        for _ in range(1 + 3):
            Z = self.block1(Z)
        Z = self.block2(Z)
        return self.out(Z)

We create the layers in the constructor and use them in the call() method.



Figure 13-3. With prefetching, the CPU and the GPU work in parallel: as the GPU works on one
batch, the CPU works on the next

TIP
If you plan to purchase a GPU card, its processing power and its memory size are of
course very important (in particular, a large amount of RAM is crucial for large computer
vision or natural language processing models). Just as important for good performance is
the GPU’s memory bandwidth; this is the number of gigabytes of data it can get into or out
of its RAM per second.
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