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1.1

Chapter 1

Introduction

Artificial intelligence, or Al is concerned with building systems that simulate intelligent
behavior. It encompasses a wide range of approaches, including those based on logic,
search, and probabilistic reasoning. Machine learning is a subset of AI that learns to
make decisions by fitting mathematical models to observed data. This area has seen
explosive growth and is now (incorrectly) almost synouymous with the term AL

A deep neural network is a type of machine learning model, and when it is fitted
to data, this is referred to as deep learning. At the time of writing, deep networks are
the most powerful and practical machine learning models and are often encountered
in day-to-day life. It is commonplace to translate text from another language using a
natural language processing algorithm, to search the internet for images of a particular
object using a computer vision system, or to converse with a digital assistant via a speech
recognition interface. All of these applications are powered by deep learning,

As the title suggests, this book aims to help a reader new to this field understand
the principles behind deep learning. The book is neither terribly theoretical (there are
no proofs) nor extremely practical (there is alinost no code). The goal is to explain the
underlying {deas; after consuming this volume, the reader will be able to apply deep
learning to novel situations where there is no existing recipe for success.

Machine learning methods can coarsely be divided into three areas: supervised, unsu-
pervised, and reinforcement learning. At the time of writing, the cutting-edge methods
in all three areas rely ou deep learning (figure 1.1). This introductory chapter describes
these three areas at a high level, and this taxonomy is also loosely reflected in the book’s
organization. Whether we like it or not, deep learning is poised to change our world,
and this change will not all be positive. Hence, this chapter also contains brief primer
on Al ethics. We conclude with advice on how to make the most of this book.

Supervised learning

Supervised learning models define a mapping from input data to an output prediction.
In the following sections, we discuss the inputs, the outputs. the model itself, and what
is meant by “training” a model.



1.1.1

1.1.2

N

1 Introduction

Figure 1.1 Machine learning is an area ( Artificial intelligence A
of artificial intelligence that fits math-
ematical models to observed data. It
can coarsely be divided into supervised
learning, unsupervised learning, and re- ~  Machine learning; iy
inforcement learning. Deep neural net- Supervised Unsupervised Remforcement.'-
works contribute to each of these areas. learning learning. learning

| Deep learning

. g

Regression and classification problems

Figure 1.2 depicts several regression and classification problems. In each case, there is a
meaningful real-world input (a sentence, a sound file, an image, etc.), and this is encoded
as a vector of numbers. This vector forms the model input. The model maps the input to
an output vector which is then “translated” back to a meaningful real-world prediction.
For now, we focus on the inputs and outputs and treat the model as a black box that
ingests a vector of numbers and returns another vector of numbers.

The model in figure 1.2a predicts the price of a house based on input characteristics
such as the square footage and the number of bedrooms. This is a regression problem
because the model returns a continuous number (rather than a category assignment).
In contrast, the model in figure 1.2b takes the chemical structure of a molecule as an
input and predicts both the freezing and boiling points. This is a multivariate regression
problem since it predicts more than one number.

The model in figure 1.2¢ receives a text string containing a restaurant review as input
and predicts whether the review is positive or negative. This is a binary classification
problem because the model attempts to assign the input to one of two categories. The
output vector contains the probabilities that the input belongs to each category. Fig-
ures 1.2d and 1.2e depict multiclass classification problems. Here, the model assigns the
input to one of N > 2 categories. In the first case, the input is an audio file, and the
model predicts which genre of music it contains. In the second case, the input is an
image, and the model predicts which object it contains. In each case, the model returns
a vector of size N that contains the probabilities of the N categories.

Inputs

The input data in figure 1.2 varies widely. In the house pricing example, the input is a
fixed-length vector containing values that characterize the property. This is an example
of tabular data because it has no internal structure; if we change the order of the inputs
and build a new model, then we expect the model prediction to remain the same.
Conversely, the input in the restaurant review example is a body of text. This may
be of variable length depending on the number of words in the review, and here input
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Real world input

6000 square feet,
4 bedrooms,
previously sold for
$235K in 2005,

1 parking spot.

— | 235

“The steak was terrible,
the salad was rotten, and
the soup tasted like socks”

8634

Model input

Model

Model output

Real world output

6000
4

2005
3

Deep learning
model

Predicted price
is $340k

Deep learning
maodel

Freezing point
is-12.9°C

Boiling point
is 56.4°C

BGT2
8194
804

8672

Deep learning
madel

Deep }earnr‘g
model

Blectronica

Deep feamir!g
model

Figure 1.2 Regression and classification problems. a) This regression model takes
a vector of numbers that characterize a property and predicts its price. b) This
multivariate regression model takes the structure of a chemical molecule and
predicts its freezing and boiling points. ¢) This binary classification model takes a
restaurant review and classifies it as either positive or negative. d) This multiclass
classification problem assigns a snippet of audio to one of N genres. e) A second
multiclass classification problem in which the model classifies an image according
to which of NV possible objects it might contain.
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Figure 1.3 Machine learning model. The model represents a family of relationships
that relate the input (age of child) to the output (beight of child). The particular
relationship is chosen using training data. which consists of input/output pairs
(orange points). When we train the model, we search through the possible re-
lationships for one that describes the data well. Here, the trained model is the
cyan curve and can be used to compute the height for any age.

order is important; it 1 is not the same as 7/ e
The text must be en(oded 1nt0 nulnellcal form before passing it to the model Here, we
use a fixed vocabulary of size 10,000 and simply concatenate the word indices.

For the music classification example, the input vector might be of fixed size (perhaps
a 10-second clip) but is very high-dimensional. Digital audio is usually sampled at 44.1
kHz and represented by 16-bit integers, so a ten-second clip consists of 441, 000 integers.
Clearly, supervised learning models will have to he able to process sizeable inputs. The
input in the image classification example (which consists of the concatenated RGB values
at every pixel) is also enormous. Moreover, its structure is naturally two-dimensional;
two pixels above and below one another are closely related. even if they are not adjacent
in the input vector.

Finally, consider the input for the model that predicts the freezing and boiling points
of the molecule. A molecule may contain varying numbers of atoms that can be connected
in different ways. In this case, the model must ingest both the geometric structure of
the molecule and the constituent atoms to the model.

Machine learning models

Until now, we have treated the machine learning model as a black box that takes an input
vector and returns an output vector. But what exactly is in this black box? Consider a
model to predict the height of a child from their age (figure 1.3). The machine learning
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model is a mathematical equation that describes how the average height varies as a
function of age (cyan curve in figure 1.3). When we run the age through this equation,
it returns the height. For example, if the age is 10 years, then we predict that the height
will be 139 cm.

More precisely, the model represents a family of equations mapping the input to
the output (i.e., a family of different cyan curves). The particular equation (curve) is
chosen using training date (examples of input/output pairs). In figure 1.3, these pairs
are represented by the orange points, and we can see that the model (cyan line) describes
these data reasonably. When we talk about training or fitting a model. we mean that we
search through the family of possible equations (possible cyan curves) relating input to
output to find the one that describes the training data most accurately.

It follows that the models in figure 1.2 require labeled input/output pairs for training.
For example, the music classification model would require a large number of audio clips
where a human expert had identified the genre of each. These input/output pairs take
the role of a teacher or supervisor for the training process, and this gives rise to the term
supervised learning.

Deep neural networks

This book concerns deep neural networks, which are a particularly useful type of machine
learning model. They are equations that can represent an extremely broad family of
relationships between input and output, and where it is particularly easy to search
through this family to find the relationship that describes the training data.

Deep neural networks can process inputs that are very large, of variable length,
and contain various kinds of internal structures. They can output single real numbers
(regression), multiple numbers (multivariate regression), or probabilities over two or more
classes (binary and multiclass classification, respectively). As we shall see in the next
section, their outputs may also be very large, of variable length, and contain internal
structure. It is probably hard to imagine equations with these properties, and the reader
should endeavor to suspend disbelief for now.

Structured outputs

Figure 1.4a depicts a multivariate binary classification model for semantic segmentation.
Here, every pixel of an input image is assigned a binary label that indicates whether it
belongs to a cow or the background. Figure 1.4b shows a multivariate regression model
where the input is an image of a street scene and the output is the depth at each pixel.
In both cases, the output is high-dimensional and structured. However, this structure is
closely tied to the input, and this can be exploited; if a pixel is labeled as “cow,” then a
neighbor with a similar RGB value probably has the same label.

Figures 1.4c—e depict three models where the output has a complex structure that is
not so closely tied to the input. Figure 1.4¢ shows a model where the input is an audio
file and the output is the transcribed words from that file. Figure 1.4d is a translation



1 Introduction

Real world input

Model input

Model output

1891

231

Deep learning
model

Deep learning
model

0.002

—|
0.314

0.310

16054
10053
178
8763

Desp learning
model

“Skill without imagination
is craftsmanship and gives us
many useful objects such as

wickerwork picnic baskets.

Imagination without skill

gives us modern art.”

7800
9853
4520
—* 14596
987

Deep learning
model

0.001]

Real world output

“| draw a jackal-headed
woman in the sand,
Sing of a lover’s fate

sealed by jealous hate”

“Teddy bears mixing
sparkling chemicals as
mad scientists, in
a steampunk style.”

8300
532
THTE
—* | 7898
883

Deep learning
model

“L’habileté sans I'imagination
est de l'artisanat et nous
donne de nombreux objets
utiles tels que des paniers
de pique-nique en osier.
Limagination sans habileté
nous donne |'art moderne.”

Figure 1.4 Supervised learning tasks with structured outputs. a) This semantic
segmentation model maps an RGB image to a binary image indicating whether
each pixel belongs to the background or a cow (adapted from Noh et al., 2015).
b) This monocular depth estimation model maps an RGB image to an output
image where each pixel represents the depth (adapted from Cordts et al., 2016).
¢) This audio transcription model maps an audio sample to a transcription of
the spoken words in the audio. d) This translation model maps an English text
string to its French translation. e) This image synthesis model maps a caption to
an image (example from https://openai.com/dall-e-2/). In each case, the output
has a complex internal structure or grammar. In some cases, many outputs are
compatible with the input.



1.2

1.21

1.2 Unsupervisedlearning /. |-, 7

model in which the input is a body of text in English, and the output contains the French
translation. Figure 1.4e depicts a very challenging task in which the input is descriptive
text, and the model must produce an image that matches this description.

In principle, the latter three tasks can be tackled in the standard supervised learning
framework, but they are more difficult for two reasons. First, the output may genuinely
be ambiguous; there are multiple valid translations from an English sentence to a French
one and multiple images that are compatible with any caption. Second, the output
contains considerable structure; not all strings of words make valid English and French
sentences, and not all collections of RGB values make plausible images. In addition to
learning the mapping, we also have to respect the “grammar” of the output.

Fortunately, this “grammar” can be learned without the need for output labels. For
example, we can learn how to form valid English sentences by learning the statistics of a
large corpus of text data. This provides a connection with the next section of the book,
which considers unsupervised learning rodels.

Unsupervised learning

Constructing a model from input data without corresponding output labels is termed
unsupervised learning,; the absence of output labels means there can be no “supervision.”
Rather than learning a mapping from input to output, the goal is to describe or under-
stand the structure of the data. As was the case for supervised learning, the data may
have very different characteristics; it may be discrete or continuous, low-dimensional or
high-dimensional, and of constant or variable length.

Generative models

This book focuses on generative unsupervised models, which learn to synthesize new
data examples that are statistically indistinguishable from the training data. Some
generative models explicitly describe the probability distribution over the input data and
here new examples are generated by sampling from this distribution. Others merely learn
a mechanism to generate new examples without explicitly describing their distribution.

State-of-the-art generative models can synthesize examples that are extremely plau-
sible but distinct from the training examples. They have been particularly successful
at generating images (figure 1.5} and text (figure 1.6). They can also synthesize data
under the constraint that some outputs are predetermined (termed conditional genera-
tion). Examples include image inpainting (figure 1.7) and text completion (figure 1.8).
Indeed, modern generative models for text are so powerful that they can appear intel-
ligent. Given a body of text followed by a question, the model can often “fill in” the
missing answer by generating the most likely completion of the document. However, in
reality, the model only knows about the statistics of language and does not understand
the significance of its answers.
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Figure 1.5 Generative models for images. Left: two images were generated from
a model trained on pictures of cats. These are not real cats, but samples from a
probability model. Right: two images generated from a model trained on images
of buildings. Adapted from Karras et al. (2020b).

The 1oon had risen by the time I reached the edge of the forest, and the light that filtered through the
trees was silver and cold. I shivered. though 1 was not cold, and guickened my pace. I had never been
so far from the village before, and T was not sure what to expect. I had been walking for hours, and I
was tired and hungry. I had left in such a hurry that I had not thought to pack any food, and I had
not thought to bring a weapon. 1 was unanned and alone in a strange place, and I did not know what
i was doing.

1 had been walking for so long that I had lost all sense of time. and I had ne idea how far 1 had come.
I only knew that T had to keep going. I had to find her. I was getting close. I could feel it. She was

nearby. and she was in trouble. I had to find her and help her, before it was too late.

Figure 1.6 Short story synthesized from a generative model of text data. The
model describes a probability distribution that assigns a probability to every
output string. Sampling from the model creates strings that follow the statistics
of the training data (here, short stories) but have never been seen before.

Figure 1.7 Inpainting. In the original image (left), the boy is obscured by metal
cables. These undesirable regions (center) are removed and the generative model
synthesizes a new image (right) under the constraint that the remaining pixels
must stay the same. Adapted from Saharia et al. (2022a).
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I was a little nervous before my first lecture at the University of Bath. It seemed like there were
hundreds of students and they looked intimidating. I stepped up to the lectern and was about to speak
when something bizarre happened.

noise, like ¢

Suddenly, the room was filled witl
nythi

couldn’t i else and I had to cover my ears. | conle

fused and € Fhen, as quickly as it had started, the noiss

realized thad

macthing witty

I ..-'.'] Hay

the students were all staring at me, walting for me to say something
or clever to say, but my mind was blank. So [ just said, *Weil, that w
| lecture.

Figure 1.8 Conditional text synthesis. Given an initial body of text (in black),
generative models of text can continue the string plausibly by synthesizing the
“missing” remaining part of the string. Generated by GPT3 (Brown et al., 2020}.

Figure 1.9 Variation of the human face. The human face contains roughly 42
muscles, so it’s possible to describe most of the variation in images of the same
person in the same lighting with just 42 numbers. In general, datasets of images,
music, and text can be described by a relatively small number of underlying
variables although it is typically more difficult to tie these to particular physical
mechanisms. Images from Dynamic FACES database (Holland et al., 2019).

1.2.2 Latent variables

Some (but not all) generative models exploit the observation that data can be lower
dimensional than the raw number of observed variables suggests. For example, the num-
ber of valid and meaningful English sentences is considerably smaller than the number
of strings created by drawing words at random. Similarly, real-world images are a tiny
subset of the images that can be created by drawing random RGB values for every pixel.
This is because images are generated by physical processes (see figure 1.9).

This leads to the idea that we can describe each data example using a smaller number
of underlying latent variables. Here, the role of deep learning is to describe the mapping
between these latent variables and the data. The latent variables typically have a simple
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Normal Latent Model Model output  Real world output
distribution variables [110] ;

109
05 110
0.1
1.2

108
—{L.6

109
* 110 >

: 110
Deep learning 110
model 109

v

L

Figure 1.10 Latent variables. Many generative models use a deep learning model
to describe the relationship between a low-dimensional “latent™ variable and the
observed high-dimensional data. The latent variables have a simple probability
distribution by design. Hence, new examples can be generated by sampling from
the simple distribution over the latent variables and then using the deep learning
model to map the sample to the observed data space.

Figure 1.11 Image interpolation. [n each row the left and right images are real
and the three images in between represent a sequence of interpolations created
by a generative model. The generative models that underpin these interpolations
have Jearned that all irnages can be created by a set of underlying latent variables.
By finding these variables for the two real iinages, interpolating their values, and
then using these intermediate variables to create new images, we can generate
intermediate results that are both visually plausible and mix the characteristics
of the two original images. Top row adapted from Sauer et al. (2022). Bottom
row adapted from Ramesh et al. (2022).
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Figure 1.12 Multiple images generated from the caption “A teddy bear on a
skateboard in Times Square” Generated by DALL-E-2 (Ramesh et al., 2022).

probability distribution by design. By sampling from this distribution and passing the
result through the deep learning model, we can create new samples (figure 1.10).

These models lead to new methods for manipulating real data. For example, consider
finding the latent variables that underpin two real examples. We can interpolate between
these examples by interpolating between their latent representations and mapping the
intermediate positions back into the data space (figure 1.11).

Connecting supervised and unsupervised learning

Generative models with latent variables can also benefit supervised learning models
where the outputs have structure (figure 1.4). For example, consider learning to predict
the images corresponding to a caption. Rather than directly map the text input to an
image, we can learn a relation between latent variables that explain the text and the
latent variables that explain the image.

This has three advantages. First, we may need fewer text/image pairs to learn this
mapping now that the inputs and outputs are lower dimensional. Second, we are more
likely to generate a plausible-looking image; any sensible values of the latent variables
should produce something that looks like a plausible example. Third, if we introduce
randomness to either the mapping between the two sets of latent variables or the mapping
from the latent variables to the image, then we can generate multiple images that are all
described well by the caption (figure 1.12).

Reinforcement learning

The final area of machine learning is reinforcement learning. This paradigm introduces
the idea of an agent which lives in a world and can perform certain actions at each time
step. The actions change the state of the system but not necessarily in a deterministic
way. Taking an action can also produce rewards, and the goal of reinforcenient learning



