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Tanh, see hyperbolic tangent
tensor, 25

tensor cores, 24

Tensor Processing Unit, 24

test set, 48

text synthesis, 129

token, 33

tokenizer, 36, 120

TPU, see Tensor Processing Unit
trainable parameter, 16, 25, 51
training, 16

training set, 16, 29, 48
Transformer, 46, 83, 85, 92, 101, 103, 120
transposed convolution, 69, 119

underfitting, 18
universal approximation theorem, 94
unsupervised learning, 21

VAE, see variational, autoencoder
validation set, 48
value, 85
vanishing gradient, 45, 59
variational

autoencoder, 138

bound, 134
Vision Transformer, 108, 121
ViT, see Vision Transformer
vocabulary, 33

weight, 17
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natural language processing, 84

NLP, see natural language processing
non-linearity, 70

normalizing layer, see layer, normalizing

object detection, 113
overfitting, 19, 50

padding, 67, 74
parameter, 16
meta, 17, 37, 48, 65, 67, 74, 88, 91
parametric model, see model, parametric
peak performance, 25
perplexity, 34
policy, 124
optimal, 125
pooling, 74
positional encoding, 92, 105
posterior probability, 30
pre-trained model, see model, pre-trained
prompt, 130, 131

query, 85

random initialization, 62
receptive field, 68, 69, 116
rectified linear unit, 70, 137
recurrent neural network, 137
regression, 20

Reinforcement Learning, 125, 132
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GPT, see Generative Pre-trained Transformer
GPU, see Graphical Processing Unit

gradient descent, 37, 39, 41, 45

gradient norm clipping, 45

gradient step, 37

Graph Neural Network, 139

Graphical Processing Unit, 11, 23

ground truth, 20

hidden layer, see layer, hidden
hidden state, 137
hyperbolic tangent, 72

image processing, 95

image synthesis, 84, 132
inductive bias, 19, 50, 63, 67, 92
invariance, 74, 90, 92, 140

kernel size, 65, 74
key, 85

Large Language Model, 53, 85, 130, 140
layer, 42, 60
attention, 84
convolutional, 63, 74, 84, 92, 95, 100, 116, 119,
120
embedding, 91, 105
fully connected, 61, 84, 91, 93, 95
hidden, 93
linear, 61
Multi-Head Attention, 88, 92, 104
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Foreword

The current period of progress in artificial intelli-
gence was triggered when Krizhevsky et al. [2012]
showed that an artificial neural network with a
simple structure, which had been known for more
than twenty years [LeCun et al., 1989], could beat
complex state-of-the-art image recognition meth-
ods by a huge margin, simply by being a hun-
dred times larger and trained on a dataset similarly
scaled up.

This breakthrough was made possible thanks to
Graphical Processing Units (GPUs), mass-market,
highly parallel computing devices developed for
real-time image synthesis and repurposed for arti-
ficial neural networks.

Since then, under the umbrella term of “deep learn-
ing,” innovations in the structures of these net-
works, the strategies to train them, and dedicated
hardware have allowed for an exponential increase

11
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Bellman equation, 125

bias vector, 61, 67

BPE, see Byte Pair Encoding
Byte Pair Encoding, 36, 120

cache memory, 24
capacity, 18
causal, 35, 87, 104
model, see model, causal
chain rule (derivative), 41
chain rule (probability), 33
channel, 26
checkpointing, 44
classification, 20, 30, 95, 112
CLIP, see Contrastive Language-Image
Pre-training
CLS token, 108
computational cost, 44
Contrastive Language-Image Pre-training, 121
contrastive loss, 31, 122
convnet, see convolutional network
convolution, 65, 67
convolutional layer, see layer, convolutional
convolutional network, 95
cross-attention block, 9o, 102, 104
cross-entropy, 31, 34, 46

data augmentation, 113
deep learning, 11, 15
Deep Q-Network, 125
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Learning Research (JMLR), 15:1929—1958, 2014.
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M. Telgarsky. Benefits of depth in neural networks.
CoRR, abs/1602.04485, 2016. 48

A. Vaswani, N. Shazeer, N. Parmar, et al. Attention
Is All You Need. CoRR, abs/1706.03762, 2017. 83,
84, 92, 101, 102, 103
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J. Zhou, C. Wei, H. Wang, et al. iBOT: Image
BERT Pre-Training with Online Tokenizer. CoRR,
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Chapter 1

Machine Learning

Deep learning belongs historically to the larger
field of statistical machine learning, as it funda-
mentally concerns methods that are able to learn
representations from data. The techniques in-
volved come originally from artificial neural net-
works, and the “deep” qualifier highlights that mod-
els are long compositions of mappings, now known
to achieve greater performance.

The modularity, versatility, and scalability of deep
models have resulted in a plethora of specific math-
ematical methods and software development tools,
establishing deep learning as a distinct and vast

technical field.

15
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148

combination of pre-defined sub-modules.

The trainable parameters that compose w are of-
ten called weights, by analogy with the synaptic
weights of biological neural networks. In addition
to these parameters, models usually depend on
meta-parameters, which are set according to do-
main prior knowledge, best practices, or resource
constraints. They may also be optimized in some
way, but with techniques different from those used

to optimize w.

1.2 Basis function regression

We can illustrate the training of a model in a simple
case where z,, and y,, are two real numbers, the

Figure 1.1: Given a basis of functions (blue curves)
and a training set (black dots), we can compute an
optimal linear combination of the former (red curve)
to approximate the latter for the mean squared error.

17
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IO

Figure 1.2: If the amount of training data (black
dots) is small compared to the capacity of the model,
the empirical performance of the fitted model during
training (red curve) reflects poorly its actual fit to
the underlying data structure (thin black curve), and
consequently its usefulness for prediction.

will often learn characteristics specific to the train-
ing examples, resulting in excellent performance
during training, at the cost of a worse fit to the
global structure of the data, and poor performance
on new inputs. This phenomenon is referred to as
overfitting.

So, a large part of the art of applied machine learn-
ing is to design models that are not too flexible yet
still able to fit the data. This is done by crafting
the right inductive bias in a model, which means
that its structure corresponds to the underlying
structure of the data at hand.

Even though this classical perspective is relevant

19
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set is composed of values z,, without associated
quantities to predict, and the trained model should
allow for the evaluation of the probability den-

sity function, or sampling from the distribution, or
both.

Both regression and classification are generally re-
ferred to as supervised learning, since the value to
be predicted, which is required as a target during
training, has to be provided, for instance, by hu-
man experts. On the contrary, density modeling
is usually seen as unsupervised learning, since it
is sufficient to take existing data without the need
for producing an associated ground-truth.

These three categories are not disjoint; for instance,
classification can be cast as class-score regression,
or discrete sequence density modeling as iterated
classification. Furthermore, they do not cover all
cases. One may want to predict compounded quan-
tities, or multiple classes, or model a density con-
ditional on a signal.
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Chapter 2

Efficient computation

From an implementation standpoint, deep learning
is about executing heavy computations with large
amounts of data. The Graphical Processing Units
(GPUs) have been instrumental in the success of
the field by allowing such computations to be run
on affordable hardware.

The importance of their use, and the resulting tech-
nical constraints on the computations that can be
done efficiently, force the research in the field to
constantly balance mathematical soundness and
implementability of novel methods.

2.1 GPUs, TPUs, and batches

Graphical Processing Units were originally de-
signed for real-time image synthesis, which re-
quires highly parallel architectures that happen
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ing vertices. This operation is very similar to a
standard convolution, except that the data struc-
ture does not reflect any geometrical information
associated with the feature vectors they carry.

Self-supervised training

As stated in § 7.1, even though they are trained only
to predict the next word, Large Language Models
trained on large unlabeled datasets such as GPT
(see § 5.3) are able to solve various tasks, such as
identifying the grammatical role of a word, an-
swering questions, or even translating from one
language to another [Radford et al., 2019].

Such models constitute one category of a larger
class of methods that fall under the name of self-
supervised learning, and try to take advantage of
unlabeled datasets [Balestriero et al., 2023].

The key principle of these methods is to define a
task that does not require labels but necessitates
feature representations which are useful for the
real task of interest, for which a small labeled
dataset exists. In computer vision, for instance,
image features can be optimized so that they are in-
variant to data transformations that do not change
the semantic content of the image, while being
statistically uncorrelated [Zbontar et al., 2021].

In both NLP and computer vision, a powerful
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A standard GPU has a theoretical peak perfor-
mance of 10'3-10'* floating-point operations
(FLOPs) per second, and its memory typically
ranges from 8 to 80 gigabytes. The standard FP32
encoding of float numbers is on 32 bits, but empir-
ical results show that using encoding on 16 bits,
or even less for some operands, does not degrade
performance.

We will come back in § 3.7 to the large size of deep
architectures.

2.2 Tensors

GPUs and deep learning frameworks such as Py-
Torch or JAX manipulate the quantities to be pro-
cessed by organizing them as tensors, which are
series of scalars arranged along several discrete
axes. They are elements of RV1 X" *ND that gen-
eralize the notion of vector and matrix.

Tensors are used to represent both the signals to
be processed, the trainable parameters of the mod-
els, and the intermediate quantities they compute.
The latter are called activations, in reference to
neuronal activations.

For instance, a time series is naturally encoded
as a T x D tensor, or, for historical reasons, as
a D x T tensor, where T is its duration and D
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of skip connections which are modulated dynami-
cally.

Autoencoder

An autoencoder is a model that maps an input sig-
nal, possibly of high dimension, to a low-dimension
latent representation, and then maps it back to the
original signal, ensuring that information has been
preserved. We saw it in § 6.1 for denoising, but it
can also be used to automatically discover a mean-
ingful low-dimension parameterization of the data
manifold.

The Variational Autoencoder (VAE) proposed by
Kingma and Welling [2013] is a generative model
with a similar structure. It imposes, through the
loss, a pre-defined distribution on the latent rep-
resentation. This allows, after training, the gener-
ation of new samples by sampling the latent rep-
resentation according to this imposed distribution
and then mapping back through the decoder.

Generative Adversarial Networks

Another approach to density modeling is the Gen-
erative Adversarial Networks (GAN) introduced
by Goodfellow et al. [2014]. This method combines
a generator, which takes a random input follow-
ing a fixed distribution as input and produces a
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the people involved in the development of an op-
erational deep model, from the designers of the
drivers, libraries, and models to those of the com-
puters and chips, know that the data will be ma-
nipulated as tensors. The resulting constraints on
locality and block decomposability enable all the
actors in this chain to come up with optimal de-
signs.

27



LET

uI0j ® ‘Surjes pue sIoy1}oal S NS $3INJ09}IOIe
doap 10J pasn mou sanbruto9) A3y jo udrsap ay3
pardwoxd Aqresrrolsiy sey siy ], ‘s1ojerado jo uon
-1soduwrod Suof e ur s3Nsa1 YIrym ‘QuIr} ut 31 SUIpjoj
-Un 0} SIUNOWIE dINJIIYDIL JUSIINIAI B SUTUTRI],

‘[Froz “Te 30 0yd] NYO
I0 [L66T ‘Iroqnupruuyog pue IajaIyd0H]| IWIST Se
yons s194e[ a1e sjusuodwod ureur I3y ], ‘passadoid
ST 9ouanbas oy} Jo Jusuoduwiod e swiry Yoead pajepdn
398 Jey} 93€)s UpPpIY [euIaul ue ssassod sa1njoa)
-Iyoxe 9s9Y [, ‘so[dures punos Jo 3x93 se yons saduanb
-9s Terodwa) y3im Surreap 10 yoeoidde prepue)s oy
a1om (NNY) SYIOMION [BINAN JUSIINOY ‘dduewl
-10319d 1918913 PaMOUs S[OPOW UOIIUdIE dI0Jog

SHAOMIIN |DANIN JUILINIIY

:renotnred ur ‘sordoy juelrodur
Auew sdpjs sawnjoA s1y} ‘UOISIOUOI JO I)eSs Y} I0,]

$71q SuU1sSS1UWL Y|



Chapter 3

Training

As introduced in § 1.1, training a model consists of
minimizing a loss & (w) which reflects the perfor-
mance of the predictor f(-;w) on a training set

.

Since models are usually extremely complex, and
their performance is directly related to how well
the loss is minimized, this minimization is a key
challenge, which involves both computational and
mathematical difficulties.

3.1 Losses

The example of the mean squared error from Equa-
tion 1.1 is a standard loss for predicting a continu-
ous value.

For density modeling, the standard loss is the likeli-
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probability distribution over series of 7'+ 1 images
as follows: sample x( uniformly from the dataset,
and then sequentially sample z;41 ~ p(xy41 |
x¢),t = 0,...,T — 1, where the conditional dis-
tribution p is defined analytically and such that it
gradually erases the structure that was in xg. The
setup should degrade the signal so much that the
distribution p(x7) has a known analytical form
which can be sampled.

For instance, Ho et al. [2020] normalize the data
to have a mean of 0 and a variance of 1, and their
diffusion process consists of adding a bit of white
noise and re-normalizing the variance to 1. This
process exponentially reduces the importance of
xo, and z;’s density can rapidly be approximated
with a normal.

The denoiser f is a deep architecture that
should model and allow sampling from
fxi—1, x4, t;w) =~ p(xi—1 | 2¢). It can be shown,
thanks to a variational bound, that if this one-step
reverse process is accurate enough, sampling
xp ~ p(zr) and denoising T steps with f results
in x( that follows p(x¢).

Training f can be achieved by generating a large

(n) (n)

number of sequences x ', ...,z , picking a t,
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tropy, expressed as:

N
- 1 Z —log exp f(zn; w)y, .
N >, exp f(zn;w),

Lce (f(-;’:aw)ayn)

Contrastive loss

In certain setups, even though the value to be pre-
dicted is continuous, the supervision takes the form
of ranking constraints. The typical domain where
this is the case is metric learning, where the ob-
jective is to learn a measure of distance between
samples such that a sample z, from a certain se-
mantic class is closer to any sample x;, of the same
class than to any sample z. from another class. For
instance, x, and x; can be two pictures of a certain
person, and . a picture of someone else.

The standard approach for such cases is to mini-
mize a contrastive loss, in that case, for instance,
the sum over triplets (x4, xp, z.), such that y, =

Yb 7 Ye, of

max(0,1 — f(xq, zc;w) + f(2q, Tp; w)).

This quantity will be strictly positive unless
f(xaa L, w) > 1+ f(xaa Th; w)-
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either write responses or provide ratings of gen-
erated responses. The former can be used as-is to
fine-tune the language model, and the latter can
be used to train a reward network that predicts
the rating and use it as a target to fine-tune the
language model with a standard Reinforcement
Learning approach.

Due to the dramatic increase in the size of architec-
tures of language models, training a single model
can cost several million dollars (see Figure 3.7), and
fine-tuning is often the only way to achieve high
performance on a specific task.

7.2 Image generation

Multiple deep methods have been developed to
model and sample from a high-dimensional density.
A powerful approach for image synthesis relies on
inverting a diffusion process.

The principle consists of defining analytically a pro-
cess that gradually degrades any sample, and con-
sequently transforms the complex and unknown
density of the data into a simple and well-known
density such as a normal, and training a deep ar-
chitecture to invert this degradation process [Ho
et al., 2020].

Given a fixed 7, the diffusion process defines a
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cessing and computer vision, are the autoregres-
sive models,

The chain rule for probabilities

Such models put to use the chain rule from proba-
bility theory:
P(X1 :I’l,XQ :a’,’Q’_,,,XT :xT) —
P(X1 = 1)
X P(Xo =122 | X1 = m1)

X P(XT:IT | X1 :xl,...,XT_l :JZ‘T_l).

Although this decomposition is valid for a random
sequence of any type, it is particularly efficient
when the signal of interest is a sequence of tokens
from a finite vocabulary {1, ... K}.

With the convention that the additional token ()
stands for an “unknown” quantity, we can repre-
sent the event {X| = z1,...,X; = x;} as the
vector (z1,...,x,0,...,0).

Then, a model
f:{0,1,...,K}T - RE

which, given such an input, computes a vector I;
of K logits corresponding to

P(Xt | X1 =T1,.-.. 7Xt—1 = wt—l),
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I: T love apples, O: positive, I: music is my passion, O: pos-
itive, I: my job is boring, O: negative, I: frozen pizzas are
awesome, O: positive,

I: T love apples, O: positive, I: music is my passion, O: posi-
tive, I: my job is boring, O: negative, I: frozen pizzas taste
like cardboard, O: negative,

I: water boils at 100 degrees, O: physics, I: the square root
of two is irrational, O: mathematics, I: the set of prime
numbers is infinite, O: mathematics, I: gravity is propor-
tional to the mass, O: physics,

I: water boils at 100 degrees, O: physics, I: the square root
of two is irrational, O: mathematics, I: the set of prime
numbers is infinite, O: mathematics, I: squares are rectan-
gles, O: mathematics,

Figure 7.1: Examples of few-shot prediction with
a 120 million parameter GPT model from Hugging
Face. In each example, the beginning of the sentence
was given as a prompt, and the model generated the

part in bold.

blocks.

When such a model is trained on a very large
dataset, it results in a Large Language Model
(LLM), which exhibits extremely powerful proper-
ties. Besides the syntactic and grammatical struc-
ture of the language, it has to integrate very diverse
knowledge, e.g. to predict the word following “The

»

capital of Japan is”, “if water is heated to 100 Cel-
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Figure 3.1: An autoregressive model f, is causal if
a time step x; of the input sequence modulates the
predicted logits I only if s > t, as depicted by the
blue arrows. This allows computing the distributions
at all the time steps in one pass during training. Dur-
ing sampling, however, the l; and x; are computed
sequentially, the latter sampled with the former, as
depicted by the red arrows.

The standard strategy to address this issue is to
design a model f that predicts all the vectors of
logits l1, ..., [ at once, that is:

f:{1,... K} — RTXK,

but with a computational structure such that the
computed logits /; for z; depend only on the input
values x1,...,T¢_1.

Such a model is called causal, since it corresponds,
in the case of temporal series, to not letting the
future influence the past, as illustrated in Figure

3.1.
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ing tokens to long frequent fragments as well as to
rare individual symbols.

3.3 Gradient descent

Except in specific cases like the linear regression
we saw in § 1.2, the optimal parameters w™* do not
have a closed-form expression. In the general case,
the tool of choice to minimize a function is gradi-
ent descent. It starts by initializing the parameters
with a random wy, and then improves this estimate
by iterating gradient steps, each consisting of com-
puting the gradient of the loss with respect to the
parameters, and subtracting a fraction of it:

Wn11 = Wy — NVZL |y (W) (3.1)

This procedure corresponds to moving the current
estimate a bit in the direction that locally decreases
& (w) maximally, as illustrated in Figure 3.2.

Learning rate

The meta-parameter 7 is called the learning rate.
It is a positive value that modulates how quickly
the minimization is done, and must be chosen care-

fully.

If it is too small, the optimization will be slow
at best, and may be trapped in a local minimum
early. If itis too large, the optimization may bounce
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mizing
N
1
= N Z Sna An,; w) - yn)2 (6-2)

with one iteration of SGD, where y,, = r,, if this
tuple is the end of the episode, and y,, = r, +
ymax, Q (s'n, a; w) otherwise.

Here w is a constant copy of w, i.e. the gradient
does not propagate through it to w. This is neces-
sary since the target value in Equation 6.1 is the
expectation of y,,, while it is y, itself which is used
in Equation 6.2. Fixing w in y,, results in a better
approximation of the desirable gradient.

A key issue is the policy used to collect episodes.
Mnih et al. [2015] simply use the e-greedy strat-
egy, which consists of taking an action completely
at random with probability €, and the optimal ac-
tion argmax, (s, a) otherwise. Injecting a bit of
randomness is necessary to favor exploration.

Training is done with ten million frames corre-
sponding to a bit less than eight days of gameplay.
The trained network computes accurate estimates
of the state values (see Figure 6.5), and reaches hu-
man performance on a majority of the 49 games
used in the experimental validation.
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around a good minimum and never descend into
it. As we will see in § 3.6, it can depend on the
iteration number n.

Stochastic Gradient Descent

All the losses used in practice can be expressed as
an average of a loss per small group of samples, or
per sample such as:

L
:NZ

where 4,(w) = L(f(xn;w),y,) for some L, and
the gradient is then:

VL o (w Z \ZAm(n (3.2)

The resulting gradient descent would compute ex-
actly the sum in Equation 3.2, which is usually
computationally heavy, and then update the pa-
rameters according to Equation 3.1. However, un-
der reasonable assumptions of exchangeability, for
instance, if the samples have been properly shuf-
fled, any partial sum of Equation 3.2 is an unbiased
estimator of the full sum, albeit noisy. So, updat-
ing the parameters from partial sums corresponds
to doing more gradient steps for the same com-
putational budget, with noisier estimates of the
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Additionally, since the textual descriptions are of-
ten detailed, such a model has to capture a richer
representation of images and pick up cues beyond
what is necessary for instance for classification.
This translates to excellent performance on chal-
lenging datasets such as ImageNet Adversarial
[Hendrycks et al., 2019] which was specifically de-
signed to degrade or erase cues on which standard
predictors rely.

6.7 Reinforcement learning

Many problems, such as strategy games or robotic
control, can be formalized with a discrete-time
state process S; and reward process I?; that can be
modulated by choosing actions A;. If Sy is Marko-
vian, meaning that it carries alone as much infor-
mation about the future as all the past states until
that instant, such an object is a Markovian Deci-
sion Process (MDP).

Given an MDP, the objective is classically to find
a policy 7 such that A; = 7(S;) maximizes the
expectation of the return, which is an accumulated
discounted reward:

E|Y 7R,

t>0

for a discount factor 0 < v < 1.
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cally, avoiding scaling issues and different training
speeds in different parts of a model.

3.4 Backpropagation

Using gradient descent requires a technical means
to compute VZ,,(w) where £ = L(f(z;w);y).
Given that f and L are both compositions of stan-
dard tensor operations, as for any mathematical
expression, the chain rule from differential calcu-
lus allows us to get an expression of it.

For the sake of making notation lighter, we will
not specify at which point gradients are computed,
since the context makes it clear.

Forward and backward passes

Consider the simple case of a composition of map-
pings:
f e f(D) o) f(Dil) O +++ 0O f(l)

The output of f(x;w) can be computed by starting
with (%) = z and applying iteratively:

2@ — (@ (x(d_l);wd),

(D)

with x as the final value.

The individual scalar values of these intermediate
results (%) are traditionally called activations in

41



¢zt

“Suippaquia 23wl 3Y3 YI1m JUISISUOD JSOU
ay1 s1 Suippaquia uo13d1iosap ssvjo yorym Sui1oipaid
Aq uono1paid j10ys-043z 10f sSmoqp [1z0z “Iv 32 piof
-pvy] Suippaquia aSvwii-1xa1 Jr7D) 2y :¥'9 2S3ry

oot -] 09 or oz [

Jeys Siuuay Ijgey uosiad e o ojoyd @

Aeuad 133005 U0SIBE & 10 cloud B

dwinf Gup) vossad e yo ojoyd &

ados dwnf uossad e yo ojoyd

WO 66 SANNgRqoId 138003 TOT/T jURS 138003
TOT42N

Buids eqia)oa 1208 1230000

001 o8 [ oF 0z ]

|euedeya jo fabew ai)@ies
‘[Enuapisas wipaw jo AsBeun apjEes
Yunya jo Labeuwy a1 mes

vanaesEu o Aabew sqe

%,66°06 JAgeqosd 1PaU0d G/ YU 130D moqpp'J'r'm_:iaqe\ 133103
St251534

oot 08 o9 or [ir4 o

‘aey buryoo| Abue e yo oo

ane) Buiyoo) |npesy & o oo

asey Buryoo| pasuding e Jo 00|

a3ey BUIHOD| |EANAU € JO )

a3ey Gupy|

991§ AyIgeqoud 398003 (/5 jues Pauad Aabue jaae) 133103

(£10ZY34) £T0Z voRuboday uogowy |eey

(47

Surjrels ‘premyoeq A[oArsinoal payndurod aq ued
S (p) J a3 Tre Jo sindino sy} 03 30adsax Yrm sjuarp
-BI3 U] ‘SN, "T d[qeLIeA s 03 309dsa1 yjm (1—p) f
3o “la=» - werqooef oy 4q pardnur )/ jo nd
-Jno 9y} 03 309dsa1 YIIm @] JA JUaIpeIS 9y} JO 101N
-poad ayj st (1—p) J 30 (1—p)T ndino a3 03 3oadsar
U ssof oYy Jo (1-»F PN JuaIpeIs 9y} ‘AJOSIoAU0))

"(doy ‘€-¢€ 21n31y
99s) ssed premioj oy} s1 uorjenyeAs ferjuanbas 1oy}
pue ‘T § U1 99s [[IM oM SE ‘SIoA®[ SB 0] Pa1IdJoI dIe
(p)4 sSurddewr [enpratpur ayj ‘Ppourt ayj jo yidop
33 SI (7 dNJeA Y} ‘SUOTIBAI}OR UOINAU 0} OUIDJAI

'sup1qoavf ay3 £q wayy Suikjduynu £q pavmyonq
P s4230wpavd ay] pup ()T UOLIDALIID 31] 0] J0adsa
Y11m sso] ay1 Jo sjuatpv.s ayj sagnduiod (wo11oq) ssvd
p4vmydpq Y], uapdo ul [ sSurddvw ayg Jo ()T
sindino ayz Surndwiod Jo sisisuod (doi) ssvd pivmaof
ayp‘pyfo o = f1apow v uanto €€ omGrg

PN
“w)f
(p)xléIA _— (I‘P)$|JA
2l
P’ € 1-p)*
(Pt ) ) f



1024, depending on the configuration.

Those two models are trained from scratch using
a dataset of 400 million image-text pairs (i, tx)
collected from the internet. The training procedure
follows the standard mini-batch stochastic gradient
descent approach but relies on a contrastive loss.
The embeddings are computed for every image and
every text of the N pairs in the mini-batch, and
a cosine similarity measure is computed not only
between text and image embeddings from each
pair, but also across pairs, resulting in an N x N
matrix of similarity scores:

lnn = flim)-g(ty), m=1,...,Non=1,...,N.

The model is trained with cross-entropy so that,
Vn the values [ ..., Iy, interpreted as logit
scores predict n, and similarly for [, 1,...,0, n.
This means that Vn, m, s.t. n # m the similarity
Ly, n is unambiguously greater than both [,, ,,, and

lm’n.

When it has been trained, this model can be used to
do zero-shot prediction, that is, classifying a signal
in the absence of training examples by defining a
series of candidate classes with text descriptions,
and computing the similarity of the embedding
of an image with the embedding of each of those
descriptions (see Figure 6.4).
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with Vf|x(D) = VL|$

And the gradient that we are interested in for train-
ing, that is V¢, is the gradient with respect
to the output of f(%) multiplied by the Jacobian
S @)y Of f (@) with respect to the parameters.

This iterative computation of the gradients with
respect to the intermediate activations, combined
with that of the gradients with respect to the lay-
ers’ parameters, is the backward pass (see Figure
3.3, bottom). The combination of this computation
with the procedure of gradient descent is called
backpropagation.

In practice, the implementation details of the for-
ward and backward passes are hidden from pro-
grammers. Deep learning frameworks are able to
automatically construct the sequence of operations
to compute gradients.

A particularly convenient algorithm is Autograd
[Baydin et al., 2015], which tracks tensor opera-
tions and builds, on the fly, the combination of
operators for gradients. Thanks to this, a piece
of imperative programming that manipulates ten-
sors can automatically compute the gradient of any
quantity with respect to any other.
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a large-scale image classification dataset to com-
pensate for the limited availability of segmentation
ground truth.

6.5 Speech recognition

Speech recognition consists of converting a sound
sample into a sequence of words. There have been
plenty of approaches to this problem historically,
but a conceptually simple and recent one proposed
by Radford et al. [2022] consists of casting it as a
sequence-to-sequence translation and then solving
it with a standard attention-based Transformer, as
described in § 5.3.

Their model first converts the sound signal into
a spectrogram, which is a one-dimensional series
T x D, that encodes at every time step a vector
of energies in D frequency bands. The associated
text is encoded with the BPE tokenizer (see § 3.2).

The spectrogram is processed through a few 1D
convolutional layers, and the resulting represen-
tation is fed into the encoder of the Transformer.
The decoder directly generates a discrete sequence
of tokens, that correspond to one of the possible
tasks considered during training. Multiple objec-
tives are considered: transcription of English or
non-English text, translation from any language
to English, or detection of non-speech sequences,
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layers. A standard method to prevent it from ex-
ploding is gradient norm clipping, which consists
of re-scaling the gradient to set its norm to a fixed
threshold if it is above it [Pascanu et al., 2013].

When the gradient decreases exponentially, this is
called the vanishing gradient, and it may make the
training impossible, or, in its milder form, cause
different parts of the model to be updated at differ-
ent speeds, degrading their co-adaptation [Glorot
and Bengio, 2010].

As we will see in Chapter 4, multiple techniques
have been developed to prevent this from happen-
ing, reflecting a change in perspective that was
crucial to the success of deep-learning: instead of
trying to improve generic optimization methods,
the effort shifted to engineering the models them-
selves to make them optimizable.

3.5 The value of depth

As the term “deep learning” indicates, useful mod-
els are generally compositions of long series of
mappings. Training them with gradient descent
results in a sophisticated co-adaptation of the map-
pings, even though this procedure is gradual and
local.

We can illustrate this behavior with a simple model
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Figure 6.3: Semantic segmentation results with the
Pyramid Scene Parsing Network [Zhao et al., 2016].

to which it belongs. This can be achieved with a
standard convolutional neural network that out-
puts a convolutional map with as many channels
as classes, carrying the estimated logits for every
pixel.

While a standard residual network, for instance,
can generate a dense output of the same resolu-
tion as its input, as for object detection, this task
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d=17 d=38

Figure 3.4: Each plot shows the deformation of the
space and the resulting positioning of the training
points in R? after d layers of processing, starting
with the input to the model itself (top left). The
oblique line in the last plot (bottom right) shows the
final affine decision.
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The standard approach to solve this task, for in-
stance, by the Single Shot Detector (SSD) [Liu et al.,
2015]), is to use a convolutional neural network
that produces a sequence of image representations
Zg of size Dy x Hy x Wy, s = 1,...,5, with
decreasing spatial resolution Hgs x W, down to
1 x 1 for s = S (see Figure 6.1). Each of these
tensors covers the input image in full, so the i, w
indices correspond to a partitioning of the image
lattice into regular squares that gets coarser when
s Increases.

As seen in § 4.2, and illustrated in Figure 4.4, due
to the succession of convolutional layers, a feature
vector (Zs[0, h,w], ..., Zs[Ds — 1, h,w]) is a de-
scriptor of an area of the image, called its receptive
field, that is larger than this square but centered
on it. This results in a non-ambiguous matching
of any bounding box (z1,x2,y1,y2) to a s, h,w,

determined respectively by max(ze — z1, Y2 — y1),
Yy1t+y2 and T1+T2
2 2 -

Detection is achieved by adding S convolutional
layers, each processing a Z5 and computing, for ev-
ery tensor indices h, w, the coordinates of a bound-
ing box and the associated logits. If there are C
object classes, there are C' + 1 logits, the addi-
tional one standing for “no object.” Hence, each
additional convolution layer has 4 + C' + 1 output
channels. The SSD algorithm in particular gen-
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Overfitting

L
035 Validation

-

\Training
Number of epochs

Figure 3.5: As training progresses, a model’s per-
formance is usually monitored through losses. The
training loss is the one driving the optimization pro-
cess and goes down, while the validation loss is es-
timated on an other set of examples to assess the
overfitting of the model. Overfitting appears when
the model starts to take into account random struc-
tures specific to the training set at hand, resulting in
the validation loss starting to increase.
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Figure 6.1: A convolutional object detector processes
the input image to generate a sequence of represen-
tations of decreasing resolutions. It computes for
every h,w, at every scale s, a pre-defined number
of bounding boxes whose centers are in the image
area corresponding to that cell, and whose sizes are
such that they fit in its receptive field. Each predic-
tion takes the form of the estimates (&1, &2, 1, Y2),
represented by the red boxes above, and a vector of
C + 1 logits for the C' classes of interest, and an
additional “no object” class.
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3.7 The benefits of scale

There is an accumulation of empirical results
showing that performance, for instance, estimated
through the loss on test data, improves with the
amount of data according to remarkable scaling
laws, as long as the model size increases corre-
spondingly [Kaplan et al., 2020] (see Figure 3.6).

Benefiting from these scaling laws in the multi-
billion sample regime is possible in part thanks to
the structural plasticity of models, which allows
them to be scaled up arbitrarily, as we will see, by
increasing the number of layers or feature dimen-
sions. But it is also made possible by the distributed
nature of the computation implemented by these
models and by stochastic gradient descent, which
requires only a tiny fraction of the data at a time
and can operate with datasets whose size is orders
of magnitude greater than that of the computing
device’s memory. This has resulted in an exponen-
tial growth of the models, as illustrated in Figure

3.7.

Typical vision models have 10-100 million train-
able parameters and require 10810 FLOPs for
training [He et al., 2015; Sevilla et al.,, 2022]. Lan-
guage models have from 100 million to hundreds of
billions of trainable parameters and require 102"~
1023 FLOPs for training [Devlin et al., 2018; Brown
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timate of the original signal X. For images, it is
a convolutional network that may integrate skip-
connections, in particular to combine representa-
tions at the same resolution obtained early and late
in the model, as well as attention layers to facili-
tate taking into account elements that are far away
from each other.

Such a model is trained by collecting a large num-
ber of clean samples paired with their degraded
inputs. The latter can be captured in degraded
conditions, such as low-light or inadequate focus,
or generated algorithmically, for instance, by con-
verting the clean sample to grayscale, reducing its
size, or aggressively compressing it with a lossy
compression method.

The standard training procedure for denoising au-
toencoders uses the MSE loss summed across all
pixels, in which case the model aims at computing
the best average clean picture, given the degraded
one, that is E[X | X]. This quantity may be prob-
lematic when X is not completely determined by
X, in which case some parts of the generated signal
may be an unrealistic, blurry average.

6.2 Image classification

Image classification is the simplest strategy for ex-
tracting semantics from an image and consists of
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Dataset Year Nb. of images  Size

ImageNet 2012 1.2M 150Gb
Cityscape 2016 25K 60Gb
LAION-5B 2022 5.8B 240Tb
Dataset Year Nb. of books Size
WMT-18-de-en 2018 14M 8Gb
The Pile 2020 1.6B 825Gb
OSCAR 2020 12B 6Tb

Table 3.1: Some examples of publicly available
datasets. The equivalent number of books is an in-
dicative estimate for 250 pages of zooo characters per

book.

et al., 2020; Chowdhery et al., 2022; Sevilla et al.,
2022]. These latter models require machines with
multiple high-end GPUs.

Training these large models is impossible using
datasets with a detailed ground-truth costly to pro-
duce, which can only be of moderate size. Instead,
it is done with datasets automatically produced by
combining data available on the internet with min-
imal curation, if any. These sets may combine mul-
tiple modalities, such as text and images from web
pages, or sound and images from videos, which
can be used for large-scale supervised training.

The most impressive current successes of artificial
intelligence rely on the so-called Large Language
Models (LLMs), which we will see in § 5.3 and § 7.1,
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trained on extremely large text datasets (see Table
3.1).
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Vision Transformer

Transformers have been put to use for image classi-
fication with the Vision Transformer (ViT) model
[Dosovitskiy et al., 2020] (see Figure 5.9).

It splits the three-channel input image into M
patches of resolution P x P, which are then flat-
tened to create a sequence of vectors X7, ..., Xy,
of shape M x 3P?. This sequence is multiplied by
a trainable matrix W* of shape 3P? x D to map it
toan M x D sequence, to which is concatenated
one trainable vector Ey. The resulting (M +1) x D
sequence Ej, ..., s is then processed through
multiple self-attention blocks. See § 5.3 and Figure
5.6.

The first element Zj in the resultant sequence,
which corresponds to Ey and is not associated with
any part of the image, is finally processed by a two-
hidden-layer MLP to get the final C' logits. Such
a token, added for a readout of a class prediction,
was introduced by Devlin et al. [2018] in the BERT
model and is referred to as a CLS token.
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Figure 5.8: GPT model [Radford et al., 2018].

Generative Pre-trained Transformer

The Generative Pre-trained Transformer (GPT)
[Radford et al., 2018, 2019], pictured in Figure 5.8
is a pure autoregressive model that consists of a
succession of causal self-attention blocks, hence a

causal version of the original Transformer encoder.

This class of models scales extremely well, up
to hundreds of billions of trainable parameters
[Brown et al., 2020]. We will come back to their
use for text generation in § 7.1.
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Chapter 4

Model components

A deep model is nothing more than a complex ten-
sorial computation that can ultimately be decom-
posed into standard mathematical operations from
linear algebra and analysis. Over the years, the
field has developed a large collection of high-level
modules with a clear semantic, and complex mod-
els combining these modules, which have proven
to be effective in specific application domains.

Empirical evidence and theoretical results show
that greater performance is achieved with deeper
architectures, that is, long compositions of map-
pings. As we saw in section § 3.4, training such
a model is challenging due to the vanishing gra-
dient, and multiple important technical contribu-
tions have mitigated this issue.
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Transformer

The original Transformer, pictured in Figure 5.7,
was designed for sequence-to-sequence translation.
It combines an encoder that processes the input
sequence to get a refined representation, and an au-
toregressive decoder that generates each token of
the result sequence, given the encoder’s represen-
tation of the input sequence and the output tokens
generated so far.

As the residual convolutional networks of § 5.2,
both the encoder and the decoder of the Trans-
former are sequences of compounded blocks built
with residual connections.

+ The feed-forward block, pictured at the top of
Figure 5.6 is a one hidden layer MLP, preceded by a
layer normalization. It can update representations
at every position separately.

« The self-attention block, pictured on the bottom
left of Figure 5.6, is a Multi-Head Attention layer
(see § 4.8), that recombines information globally,
allowing any position to collect information from

any other positions, preceded by a layer normal-

ization. This block can be made causal by using an
adequate mask in the attention layer, as described
in§4.8

« The cross-attention block, pictured on the bot-

104

« adashed outer frame with a multiplicative factor
indicates that a group of layers is replicated in se-
ries, each with its own set of trainable parameters,
if any, and

« in some cases, the dimension of their output is
specified on the right when it differs from their
input.

Additionally, layers that have a complex internal
structure are depicted with a greater height.

4.2 Linear layers

The most important modules in terms of compu-
tation and number of parameters are the Linear
layers. They benefit from decades of research and
engineering in algorithmic and chip design for ma-
trix operations.

Note that the term “linear” in deep learning gener-
ally refers improperly to an affine operation, which
is the sum of a linear expression and a constant
bias.

Fully connected layers

The most basic linear layer is the fully connected
layer, parameterized by a trainable weight matrix
W of size D' x D and bias vector b of dimension
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Figure 5.6: Feed-forward block (top), self-attention
block (bottom left) and cross-attention block (bottom
right). These specific structures proposed by Radford
et al. [2018] differ slightly from the original architec-
ture of Vaswani et al. [2017], in particular by having
the layer normalization first in the residual blocks.
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variance of the activations constant and prevent
pathological behaviors.

Convolutional layers

A linear layer can take as input an arbitrarily-
shaped tensor by reshaping it into a vector, as long
as it has the correct number of coefficients. How-
ever, such a layer is poorly adapted to dealing with
large tensors, since the number of parameters and
number of operations are proportional to the prod-
uct of the input and output dimensions. For in-
stance, to process an RGB image of size 256 x 256
as input and compute a result of the same size, it
would require approximately 4 x 10'? parameters
and multiplications.

Besides these practical issues, most of the high-
dimension signals are strongly structured. For in-
stance, images exhibit short-term correlations and
statistical stationarity with respect to translation,
scaling, and certain symmetries. This is not re-
flected in the inductive bias of a fully connected
layer, which completely ignores the signal struc-
ture.

To leverage these regularities, the tool of choice
is convolutional layers, which are also affine, but
process time-series or 2D signals locally, with the
same operator everywhere.

63



I0T

‘[L1oz] Te 19
ruemsep Aq pasodoxd 1ouwrrojsuel], oy} ST ‘SuruIed]
doop ur seoueApe JU93I U [RJUSWINIISUI U] SBy
UOIYM ‘S)SB] YOns I0J D102 JO 2INJO)IYIIe Y],
"SWISTURYJW UOIJU}JB dPN[OUI JBy]} S[OPOW WOIJ
AT1e013 1gyauaq ‘Surssadoid adengdue] [einjeu woij
Arenonred ‘suonjesrjdde Auew ‘g% § ur pajels sy

sjopow uonuany €9

"S9SSB[d ()T X0J 219 ‘S3IS0[ [euyj ot} 393
03 I9A®[ pa3oauu0d-AJ[nJ © ygnoy) passadord uayy
pue ), X ), 9z1s [ouray Jo durjood aGeIaAe Ue Aq
87 UOISUWIP JO J0JOIA B 0} PIJIIAUOD ST YOI M
‘), X ), X 8F0 ST 20[q [enpIsai 3se[ a3 jo ndino ayJ,
¥ JO 1039€] B AqQ S[QUURYD JO JOqUINU [} JO ISLIIIUT
ue ATUO ‘SUI[EISUMOP OU ST I3} ‘UOIIS ISITJ A}
ur ‘A[3urstrding ‘s)o0[q [eNpPISAI JO SUOIIIS INOJ
Aq pamo[[oJ ‘9zIs Y} JTey] Jo d3ew [ouUURYd-F9 © 0]
9Gewr ndur [ouuLBYD-991Y} Y} S}IOAUOD Jey} I9A®]
[EUOTIN[OAUO0D ), X ), B 3IMm s}Ie)s 3] *S'S aInSr ur
pajuasaid sT 0G-19NSY Y3} JO 2INJONIIS [[BIAO0 ],

“(7°S 2InS81 93s) 0M] JO IPLIIS B M
UOIIN[OAUO0D T X T ® }IM PIAIYDe ST STy T, ‘odeys 10s
-U9] 31} S9SueYD Jey]} UOI}OUUOD [enpIsal e sarmbax

v9

'$321S Jualaffip Jo
sindui ssaooud uvd yrog ‘siosual 3 x (] Suigqnsai
pa1f1ys ay3 swns puv ‘T X (T 2dvys Jo uosuaj-qns Lia02
o1 (m ¢ - ) Surddow aurffv awvs ay; sarpddv “osuaj
I X (I v 1ndui sv sayvj (3y814) u013n]0A 109 pasodsup.j
dr vV & 01Ul s40sual T X (] Suljjnsad ayj salois
pup ‘37 X (T advys Jo iosuaj-qns Luana 03 (m:- )
Surddvw aurffv awvs ayj sarpddo <y 4osuay T, X (T
v ndui sv sayvy (1fa]) uonnjoauod (1 v/ :1°'¥ a8y

Uo1INI0AU0D
pasodsupiy 1

uonjoAuod (Jr




classification.

As other ResNets, it is composed of a series of

residual blocks, each combining several convolu-

tional layers, batch norm layers, and ReLU layers,
wrapped in a residual connection. Such a block is
pictured in Figure 5.3.

A key requirement for high performance with real
images is to propagate a signal with a large num-
ber of channels, to allow for a rich representation.
However, the parameter count of a convolutional
layer, and its computational cost, are quadratic
with the number of channels. This residual block
mitigates this problem by first reducing the num-
ber of channels with a 1 x 1 convolution, then
operating spatially with a 3 x 3 convolution on
this reduced number of channels, and then upscal-
ing the number of channels, again witha 1 x 1
convolution.

The network reduces the dimensionality of the
signal to finally compute the logits for the clas-
sification. This is done thanks to an architecture
composed of several sections, each starting with a
downscaling residual block that halves the height
and width of the signal, and doubles the number
of channels, followed by a series of residual blocks.
Such a downscaling residual block has a structure
similar to a standard residual block, except that it
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K=

2D transposed
convolution

X

2D convolution

Figure 4.2: A 2D convolution (left) takes as input
aD x H x W tensor X, applies the same affine
mapping ¢( - ;w) to every sub-tensor of shape D x
K x L, and stores the resulting D’ x 1 x 1 tensors
intoY. A 2D transposed convolution (right) takes as
input a D x H x W tensor, applies the same affine
mapping (- ;w) to every D x 1 x 1 sub-tensor, and
sums the shifted resulting D' x K x L tensors into
Y.

A 1D convolution is mainly defined by three meta-
parameters: its kernel size K, its number of input
channels D, its number of output channels D’, and

by the trainable parameters w of an affine mapping
¢(-;w) : ROXE 5 P>,

It can process any tensor X of size D x T with
T > K, and applies ¢( -;w) to every sub-tensor
of size D x K of X, storing the results in a tensor
Y of size D’ X (T — K + 1), as pictured in Figure
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Figure 5.4: A downscaling residual block. It admits a
meta-parameter S, the stride of the first convolution
layer, which modulates the reduction of the tensor
size.

08

4.1 (left).

A 2D convolution is similar but has a K x L kernel
and takes as input a D x H x W tensor (see Figure
4.2, left).

Both operators have for trainable parameters those
of ¢ that can be envisioned as D’ filters of size
D x K or D x K x L respectively, and a bias
vector of dimension D',

Such a layer is equivariant to translation, meaning
that if the input signal is translated, the output is
similarly transformed. This property results in a
desirable inductive bias when dealing with a signal
whose distribution is invariant to translation.

They also admit three additional meta-parameters,
illustrated on Figure 4.3:

+ The padding specifies how many zero coeffi-
cients should be added around the input tensor
before processing it, particularly to maintain the
tensor size when the kernel size is greater than one.
Its default value is 0.

« The stride specifies the step size used when go-
ing through the input, allowing one to reduce the
output size geometrically by using large steps. Its
default value is 1.

« The dilation specifies the index count between
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Classifier {

‘‘‘‘‘‘‘‘‘‘‘‘‘‘ 64 x 2 x 2

k=2 ... 64 x 4 x 4
Feature i

extractor <
‘‘‘‘‘‘‘‘‘‘‘‘‘‘ 32x8x%x8

32 x 24 x 24

<<<<<<<<<<<<<<<<<<<<<< 1 x 28 x 28

Figure 5.2: Example of a small LeNet-like network
for classifying 28 x 28 grayscale images of hand-
written digits [LeCun et al., 1998]. Its first half is
convolutional, and alternates convolutional layers
per se and max pooling layers, reducing the signal
dimension from 28 x 28 scalars to 256. Its second
half processes this 256-dimensional feature vector
through a one hidden layer perceptron to compute 10
logit scores corresponding to the ten possible digits.
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Given an activation computed by a convolutional
layer, or the vector of values for all the channels ata
certain location, the portion of the input signal that
it depends on is called its receptive field (see Figure
4-4). One of the H x W sub-tensors corresponding
to a single channel of a D x H x W activation
tensor is called an activation map.

Convolutions are used to recombine information,
generally to reduce the spatial size of the repre-
sentation, in exchange for a greater number of
channels, which translates into a richer local rep-
resentation. They can implement differential oper-
ators such as edge-detectors, or template matching
mechanisms. A succession of such layers can also
be envisioned as a compositional and hierarchi-
cal representation [Zeiler and Fergus, 2014], or as
a diffusion process in which information can be
transported by half the kernel size when passing
through a layer.

A converse operation is the transposed convolu-
tion that also consists of a localized affine operator,
defined by similar meta and trainable parameters as
the convolution, but which, for instance, in the 1D
case, applies an affine mapping ¢( - ; w) : RP*1 —
RP'*K to every D x 1 sub-tensor of the input,
and sums the shifted D’ x K resulting tensors to
compute its output. Such an operator increases the
size of the signal and can be understood intuitively
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Hidden
layers <

Figure 5.1: This multi-layer perceptron takes as in-
put a one-dimensional tensor of size 50, is composed
of three fully connected layers with outputs of di-
mensions respectively 25, 10, and 2, the two first
followed by ReLU layers.

tion theorem [Cybenko, 1989] which states that,
if the activation function o is continuous and not
polynomial, any continuous function f can be ap-
proximated arbitrarily well uniformly on a com-
pact domain, which is bounded and contains its
boundary, by a model of the form [y 00 0ly where [y
and [y are affine. Such a model is a MLP with a sin-
gle hidden layer, and this result implies that it can
approximate anything of practical value. However,
this approximation holds if the dimension of the
first linear layer’s output can be arbitrarily large.

In spite of their simplicity, MLPs remain an impor-
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Tanh ReLU

Leaky ReLU GELU
Figure 4.5: Activation functions.

to zero and keeps positive values unchanged (see
Figure 4.5, top right):

0 if z <0,
relu(z) =

x otherwise.

Given that the core training strategy of deep-
learning relies on the gradient, it may seem prob-
lematic to have a mapping that is not differentiable
at zero and constant on half the real line. However,
the main property gradient descent requires is that
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ers and Multi-Head Attention layers are oblivious
to the absolute position in the tensor. This is key to
their strong invariance and inductive bias, which
is beneficial for dealing with a stationary signal.

However, this can be an issue in certain situations
where proper processing has to access the abso-
lute positioning. This is the case, for instance, for
image synthesis, where the statistics of a scene
are not totally stationary, or in natural language
processing, where the relative positions of words
strongly modulate the meaning of a sentence.

The standard way of coping with this problem is to
add or concatenate to the feature representation,
at every position, a positional encoding, which is a
feature vector that depends on the position in the
tensor. This positional encoding can be learned as
other layer parameters, or defined analytically.

For instance, in the original Transformer model,
for a series of vectors of dimension D, Vaswani
et al. [2017] add an encoding of the sequence index
as a series of sines and cosines at various frequen-
cies:
sin(7p)  ifde2N
pos-enclt, d] = , ‘

oS (W) otherwise,

with T = 10%.
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h<

1

=
d

x

v [

max

1D max pooling

Figure 4.6: A 1D max pooling takes as inputa D x T
tensor X, computes the max over non-overlapping

1 x L sub-tensors (in blue) and stores the resulting
values (inred) ina D x (T/L) tensorY .
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to compute respectively the queries, the keys, and
the values from the input, and a final weight matrix
W?° of size HD" x D to aggregate the per-head
results.

It takes as input three sequences

o X9ofsize N? x D,
o X¥ofsize N¥Y x D, and
« XV ofsize N¥ x D,

from which it computes, forh =1,..., H,
Y, = att(XQW;f,XKW,‘;,XVW;Z).

These sequences Yi,...,Yy are concatenated
along the feature dimension and each individual
element of the resulting sequence is multiplied by
W?® to get the final result:

Y =(Yi| - | Y)W

As we will see in § 5.3 and in Figure 5.6, this layer
is used to build two model sub-structures: self-at-
tention blocks, in which the three input sequences
X? X¥ and XV are the same, and cross-attention
blocks, where X* and XV are the same.

It is noteworthy that the attention operator, and
consequently the multi-head attention layer when
there is no masking, is invariant to a permutation

90

A standard alternative is the average pooling layer
that computes the average instead of the maximum
over the sub-tensors. This is a linear operation,
whereas max pooling is not.

4.5 Dropout

Some layers have been designed to explicitly facil-
itate training or improve the learned representa-
tions.

One of the main contributions of that sort was
dropout [Srivastava et al., 2014]. Such a layer has
no trainable parameters, but one meta-parameter,
p, and takes as input a tensor of arbitrary shape.

It is usually switched off during testing, in which
case its output is equal to its input. When it is
active, it has a probability p of setting to zero each
activation of the input tensor independently, and
it re-scales all the activations by a factor of 1%;; to
maintain the expected value unchanged (see Figure

4.7).

The motivation behind dropout is to favor mean-
ingful individual activation and discourage group
representation. Since the probability that a group
of k activations remains intact through a dropout
layer is (1 — p)k , joint representations become un-
reliable, making the training procedure avoid them.
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This can be implemented as

VD

J

KT
att(Q, K, V) = softargmaX(Q ) V.

-~

A

This operator is usually extended in two ways, as
depicted in Figure 4.12. First, the attention ma-
trix can be masked by multiplying it before the
softargmax normalization by a Boolean matrix M.
This allows, for instance, to make the operator
causal by taking M full of 1s below the diagonal
and zero above, preventing Y, from depending on
keys and values of indices k greater than q. Sec-
ond, the attention matrix is processed by a dropout
layer (see § 4.5) before being multiplied by V, pro-
viding the usual benefits during training.

Multi-head Attention Layer

This parameterless attention operator is the key el-
ement in the Multi-Head Attention layer depicted
in Figure 4.13. The structure of this layer is de-
fined by several meta-parameters: a number H of
heads, and the shapes of three series of H trainable
weight matrices

e WQofsize H x D x D%,
e WXofsize Hx D x D%, and
« WVofsize Hx D x DV,

38

Train Test

Figure 4.8: 2D signals such as images generally ex-
hibit strong short-term correlation and individual
activations can be inferred from their neighbors. This
redundancy nullifies the effect of the standard un-
structured dropout, so the usual dropout layer for 2D
tensors drops entire channels instead of individual
values.

Although dropout is generally used to improve
training and is inactive during inference, it can be
used in certain setups as a randomization strategy,
for instance, to estimate empirically confidence
scores [Gal and Ghahramani, 2015].
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the attention operator computes a tensor

Y =att(K,Q,V)

of dimension N? x D". To do so, it first computes
for every query index ¢ and every key index k an
attention score A, j as the softargmax of the dot
products between the query (), and the keys:

1
exp| === Qq Ky
A(Lk - ( Ch ) ) (41)

N Zl exp(ﬁ Qq'Kl)

where the scaling factor —— keeps the range of

vV DK

values roughly unchanged even for large D%".

Then a retrieved value is computed for each query
by averaging the values according to the attention
scores (see Figure 4.11):

Y, = Z Ag i Vi (4.2)
k

So if a query (),, matches one key K, far more
than all the others, the corresponding attention
score A, ,, will be close to one, and the retrieved
value Y,, will be the value V,,, associated to that
key. But, if it matches several keys equally, then
Y, will be the average of the associated values.

36
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batchnorm layernorm

Figure 4.9: Batch normalization (left) normalizes in
mean and variance each group of activations for a
given d, and scales/shifts that same group of acti-
vation with learned parameters for each d. Layer
normalization (right) normalizes each group of acti-
vations for a certain b, and scales/shifts each group
of activations for a given d, h,w with learned pa-
rameters indexed by the same.

79



Sg

‘A X ax N 9ZIS JO Son[eA Jo A IOSUII ©
PUR ‘(T X Ay 9ZIS JO SAI JO 37 IOSUI} B o
‘o X 5N 971 Jo sarronb Jo () 10sudj &

UQAID)

Jojpiado uonuany

‘T°L § pue €6 § 99G ‘S]opoN
adengue] 98IeT 10J 9IN}09)TYdIR JURUIUWIOP Y] ‘SId
-wLI0JsueI], JO }00[q Surp[ing £y ayj ‘Te[norired ur
‘9re A9U], "S[OpOW JUSJ31 AUBW Ul JUSWA[ pIep
-Ue)S B W03 dARY AJY[} ‘SI9A®R[ I9U}0 UBY] Pajed

‘(2% uoypnbg puv y311) b Suignsas ay; 2anduiod oy

$9400s asay] ygim N A ‘- - T sanppa Y3 SurSvianp
uayj puv (1'¥ uonypnbg puv ‘1ap) A),N‘bv ‘o. ‘I‘bV
$2400S UO1JUIIID PIZIIDULIOU J2F 03 AN ¢ ‘Tyf

sAay ay1 v ynm Py L1anb Li1ana Suryoipwt sv pajaud
-423u1 29 uvd 103v42do uoyuaLY Y] 11V INJI]

b1 sandwiop aaN by e by samnduio)

- N

A LB

mmn mumm
D v A S0V

08

woiy (7" ‘T = p 10 ‘(Pa ‘Pw) sandwrod 1oke]
o ‘M X H X (I X g 2deys jo st passadord aq 03
Iosua] a3 JI ‘9ousay -uonysod (z ay3 uo puadap
10U S90p YPIYS/SUI[eds Y} Jel]} 0S (J UOISUWIp JO
$10309A urewaI L pue ¢ pue ‘suonisod Jz [[e sso1oe
[ouueyd-19d SUOp ST UOIJBZI[EULIOU dY} ‘A[Ie[IuIs
SUOI}BI0] [[& Surssad0i1d Jo s1oAe[ [euOnNJOAUOD JO
srdrourxd ay3 mo[[oj 03 ‘s10sua} (Jz Jo Ised Y3 UJ

‘spopowr doap jo Sururer) 9y} sajejI[Ioe]
A[qeIopIsuo0d 194 STU} ‘UOTIEATIOU [RIJTUT ST} URL[}
pareordurod arow 9q AW UOT}OR JO dPOUI [EN)OR
o} ySnoyj[y ‘A[Surpiodoe sraojowrered sjqeuren
119y} jdepe 0] aA®Y UL} YIIYM ‘MO[[O] JBY} SId
-Ae] oy [re s1oeduwr Sururer; Surmp yIomjau a1} Jo
IoAe] AJ1ed UR U SUI[EIS UT 93URYD © Jel]} PIOAR O}
Sem UOTJeZI[eULIOU [[d}eq PUIYSq UOTJRATIOW 3],

-uauoduwod 19d UoTRULIOJSURI} JULJJR PIXY B 0}
UMOP STI0q UOTYM ‘13s SUTUTeI} [[N] 9} I9A0 deIdA®
Suraow & YIm pajewnisa sPq pue sPw oy} 03 Sul
-p10o2e sa[dures [enprarpur swIojsuer) IoAef 9y} ‘ur
-39} Surin(g “Sururer} Surmp AJUo auop sI }1 ‘Ydjeq
B SSOIOB PaULIp ST UOIJBZI[BULIOU SIU} 9SNeddq

"Pgl + PPl = P

p
u/\ _ p‘qz

Puy — P9g

:PL uonjerasp pIrepuels pue Pg ueaur yim



to finding a differential improvement instead of a
full update.

4.8 Attention layers

In many applications, there is a need for an op-
eration able to combine local information at loca-
tions far apart in a tensor. For instance, this could
be distant details for coherent and realistic image
synthesis, or words at different positions in a para-
graph to make a grammatical or semantic decision
in natural language processing.

Fully connected layers cannot process large-
dimension signals, nor signals of variable size, and
convolutional layers are not able to propagate in-
formation quickly. Strategies that aggregate the
results of convolutions, for instance, by averaging
them over large spatial areas, suffer from mixing
multiple signals into a limited number of dimen-
sions.

Attention layers specifically address this problem
by computing an attention score for each compo-
nent of the resulting tensor to each component
of the input tensor, without locality constraints,
and averaging the features across the full tensor
accordingly [Vaswani et al., 2017].

Even though they are substantially more compli-

34

the corresponding B x H x W slice, normalizes
it accordingly, and finally scales and shifts its com-
ponents with the trainable parameters 35 and 4.

So, given a B x D tensor, batch normalization
normalizes it across b and scales/shifts it according
to d, which can be implemented as a component-
wise product by v and a sum with 3. Given a
B x D x H x W tensor, it normalizes across b, h, w
and scales/shifts according to d (see Figure 4.9, left).

This can be generalized depending on these dimen-
sions. For instance, layer normalization [Ba et al.,
2016] computes moments and normalizes across
all components of individual samples, and scales
and shifts components individually (see Figure 4.9,
right). So, given a B x D tensor, it normalizes
across d and scales/shifts also according to the
same. Given a B x D x H x W tensor, it normal-
izes it across d, h, w and scales/shifts according to
the same.

Contrary to batch normalization, since it processes
samples individually, layer normalization behaves
the same during training and testing.

4.7 Skip connections

Another technique that mitigates the vanishing
gradient and allows the training of deep architec-
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