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scaling laws, 52

self-attention block, 91, 104, 106
self-supervised learning, 155
semantic segmentation, 84, 119
SGD, see stochastic gradient descent
Single Shot Detector, 118

skip connection, 83, 121, 152
softargmax, 30, 86

softmax, 30

speech recognition, 122

SSD, see Single Shot Detector
stochastic gradient descent, 40, 46, 52
stride, 67, 73

supervised learning, 21

Tanh, see hyperbolic tangent
Task Arithmetic, 148

tensor, 25

tensor cores, 24

Tensor Processing Unit, 24

test set, 48

text synthesis, 131

token, 33

tokenizer, 36, 122

TPU, see Tensor Processing Unit
trainable parameter, 16, 25, 52
training, 16

training set, 16, 29, 48
Transformer, 46, 83, 85, 93, 103, 105, 122
transformer, 146
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metric learning, 31
MLP, see multi-layer perceptron, 146
model, 16
autoregressive, 33, 34, 131
causal, 35, 88, 107
parametric, 16
pre-trained, 51, 119, 121
model merging, 148
multi-layer perceptron, 46, 95-97, 106

Natural Language Processing, 84

NLP, see Natural Language Processing
non-linearity, 70

normalizing layer, see layer, normalizing

object detection, 115
overfitting, 19, 50

padding, 67, 73
parameter, 16

hyper, 17, 37, 48, 65, 67, 73, 89, 91
parametric model, see model, parametric
peak performance, 25
Perplexity, 144
perplexity, 34
policy, 126

optimal, 127
pooling, 73
positional encoding, 92, 107
Post-Training Quantization, 143
posterior probability, 30
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Generative Adversarial Networks, 153
Generative Pre-trained Transformer, 108, 123, 131,

154
generator, 153

GNN, see Graph Neural Network

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, 154
Graphical Processing Unit, 11, 23

ground truth, 20

hidden layer, see layer, hidden

hidden state, 151

hyper parameter, see parameter, hyper

hyperbolic tangent, 72

image processing, 97

image synthesis, 84, 134

inductive bias, 19, 50, 63, 67, 92

invariance, 75, 91, 92, 155

kernel size, 65, 73
key, 86

Large Language Model, 51, 54, 85, 132, 139, 154

layer, 42, 60
attention, 84
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batch normalization, 78, 102
Bellman equation, 127

bias vector, 61, 67

BPE, see Byte Pair Encoding
Byte Pair Encoding, 36, 122

cache memory, 24

capacity, 18

causal, 35, 87, 106

model, see model, causal

chain rule (derivative), 41

chain rule (probability), 33

chain-of-thought, 133, 142

channel, 26

checkpointing, 44

classification, 20, 30, 97, 114

CLIP, see Contrastive Language-Image
Pre-training

CLS token, 110

computational cost, 44, 88

context size, 140

Contrastive Language-Image Pre-training, 123,
148

contrastive loss, 31, 124

convnet, see convolutional network

convolution, 65, 67

convolutional layer, see layer, convolutional

convolutional network, 97

cross-attention block, 91, 104, 106

cross-entropy, 31, 34, 46
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Foreword

The current period of progress in artificial intelli-
gence was triggered when Krizhevsky et al. [2012]
demonstrated that an artificial neural network de-
signed twenty years earlier [LeCun et al., 1989]
could outperform complex state-of-the-art image
recognition methods by a huge margin, simply
by being a hundred times larger and trained on a
dataset similarly scaled up.

This breakthrough was made possible thanks to
Graphical Processing Units (GPUs), highly paral-
lel consumer-grade computing devices developed
for real-time image synthesis and repurposed for
artificial 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
in both their size and the quantity of training data

11
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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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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 hy-
per-parameters, which are set according to domain
prior knowledge, best practices, or resource con-
straints. 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.
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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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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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cues that the discriminator uses that need to be
addressed.

Graph Neural Networks

Many applications require processing signals
which are not organized regularly on a grid. For in-
stance, proteins, 3D meshes, geographic locations,
or social interactions are more naturally structured
as graphs. Standard convolutional networks or
even attention models are poorly adapted to pro-
cess such data, and the tool of choice for such a
task is Graph Neural Networks (GNN) [Scarselli
et al., 2009].

These models are composed of layers that compute
activations at each vertex by combining linearly
the activations located at its immediate neighbor-
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-
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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.
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of skip connections which are modulated dynami-
cally.

One of the key drawbacks of traditional recurrent
architectures is that the structure of the computa-
tion r;11 = f(x¢) imposes to process the input
sequence serially, which takes a time proportional
to T'. In contrast, transformers, for instance, can
take advantage of parallel computation, resulting
in a constant time if enough computing units are
available.

This is addressed by architectures such as QRNN
[Bradbury et al., 2016], S4 [Gu et al., 2021], or
Mamba [Gu and Dao, 2023], whose recurrent op-
erations are affine so that the f! themselves, and
consequently the z; = f(¢), can be computed in
parallel, resulting in a constant time if f does not
depend on ¢ and log T" otherwise, again if enough
parallel computing units are available.

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
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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-

29
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tropy, expressed as:

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

Lce (f(-;’:aw)?yn)

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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8.4 Model merging

An alternative to the fine-tuning and prompting
methods seen in the previous sections consists of
combining multiple models with diverse capabili-
ties into a single one, without additional training.

Model merging relies on the compatibility between
multiple fine-tuned versions of a base model.

Ilharco et al. [2022] showed that models obtained
by fine-tuning a CLIP base model on several image
classification data-sets can be combined in the pa-
rameter space, where they exhibit Task Arithmetic
properties.

Formally, let 6 be the parameter vector of a pre-
trained model, and fort = 1,...,7T, let 6; and
7t = 0 — 0 be respectively the parameters af-
ter fine-tuning on task ¢ and the corresponding
residual. Experiments show that the model with
parameters 6 4+ 71 + - - - + 77 exhibits multi-task
capabilities. Similarly, subtracting a 74 degrades
the performance on the corresponding task.

Methods have been developed to reduce the in-
terference between the different residuals and im-
prove the performance when the number of tasks
increases [Yadav et al., 2023; Yu et al., 2023].

An alternative to merging models in parameter
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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 :I‘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),

33
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with few parameters, referred to as adapters, to the
pre-trained architecture, and freeze all the original
parameters [Houlsby et al., 2019].

The current dominant method is the Low-Rank
Adaptation (LoRA), which adds low-rank correc-
tions to some of the model’s weight matrices [Hu
et al., 2021].

Formally, given a linear operation of the form
XWT where X isa N x D tensor of activations for
abatch of N samples, and W isa C' x D weight ma-
trix, the LoRA adapter replaces this operation with
X(W + BA)T, where A and B are two trainable
matrices of size R X D and C' X R respectively,
with R < min(C, D), and the matrix W is re-
moved from the trainable parameters. The matrix
A is initialized with random Gaussian values, and
B is set to zero, so that the fine-tuning starts with
a model that computes an output identical to that
of the original one.

The total number of parameters to optimize with
this approach is generally a few percent of the
number of parameters in the original model.

The standard procedure to fine-tune a transformer
with such adapters is to change only the weight ma-
trices in the attention blocks, and to keep the MLP
of the feed-forward blocks unchanged. The same
strategy has been used successfully to tune diffu-
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R S A zT_l/ Iy
1 AN \/[
coms

1 x — TT—-1

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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Figure 8.2: Perplexity of quantized versions of the
language models Llama-7B (blue) and 13B (red) [Tou-
vron et al., 2023] on the wikitext corpus, as a function
of the parameters’ memory footprint. The crosses are
the original FP16 models and the dots correspond
to different levels of quantization with llama.cpp
[Llama.cpp, 2023].

guage model. For instance the quantization may
use more bits for the WV weights of the attention
blocks, and for the weights of the feed-forward
blocks.

An example of llama.cpp’s quantization is Q4_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 hyper-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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Chain of Thought

A remarkable type of prompting aims at making
the model generate intermediate steps before gen-
erating the response itself.

Such a chain-of-thought is composed of succes-
sive steps that are simpler, hence have been better
modeled during training, and are predicted more
deterministically [Wei et al., 2022; Kojima et al.,
2022]. See Figure 8.1 for an example.

Retrieval-Augmented Generation

Prompt engineering can also be put to use to con-
nect a language model to an external knowledge
base. It plays the role of a smart interface that al-
lows the end user to formulate questions in natural
language and get back a response that combines
information that is not encoded in the model’s pa-
rameters [Lewis et al., 2020].

For such Retrieval-Augmented Generation (RAG),
an embedding model is used to retrieve documents
whose embedding is correlated to that of the user’s
query. Then, a prompt is constructed by joining
these retrieved documents with instructions to
combine them, and the generative model produces
the response to the user.
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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:

1 N
Z(w) =5 d_aw),
n=1

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

N
V() = 1 3 Vi) (32)
n=1

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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8.1 Prompt Engineering

The simplest strategy to specialize or improve a
Large Language Model with a limited computa-
tional budget is to use prompt engineering, that
is, to carefully craft the beginning of the text se-
quence to bias the autoregressive process [Sahoo
et al.,, 2024]. This approach moves a part of the
information traditionally encoded in the model’s
parameters to the input.

We saw in § 7.1 a simple example of few-shot pre-
diction, to use an LLM for a text classification
task without fine-tuning. A long and sophisticated
prompt allows generalizing this strategy to com-
plex tasks.

Since the prompt’s role is to leverage the “good”
biases that were present in the training set, it ben-
efits from surprising strategies such as stating that
the response is generated by a skilled professional
[Xu et al., 2023].

The context size of a language model, that is, the
number of tokens it can operate on, directly mod-
ulates the quantity of information that can be pro-
vided in the prompt. This is mostly constrained
by the computational cost of standard attention
models, which is quadratic with the context size

(see § 4.8).
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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),

with 2(P) as the final value.

The individual scalar values of these intermediate
results (%) are traditionally called activations in
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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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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
f(xi—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
xr ~ p(xr) and denoising T' steps with f results
in xg that follows p(zg).

Training f can be achieved by generating a large

(n) (n)

number of sequences x *,...,xy , picking a t,
in each, and maximizing

Zlogf (mifll,xgz))tn; w) :

Given their diffusion process, Ho et al. [2020] have
a denoising of the form:

Ty—1 | mp ~ N (2 + (x4, w0);50¢), (7.1)
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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

45



GC1

(to(migir) [ 4 1x) g ~ Tr | T7x Ljaangpaan
Suipdwvs Aq pasiou-ap Ajjpnpvis s1 puv (doy) Lx
as10u 271ym v s s34v1s a]dwivs yovq [ozoz “|v 33 of]
uoisnffip Suisiouap yum sisayjuds aSvwy 'L 93y

TR AR = o
=R sl - =S
= TN Gl - =
P T I ol - ==
H-‘IIIH&HAEE
bt | WEE
IH&IA=S

."!

= % ML ol > =
o alinn- 1 |“ENTRY. e
e e 1 NN
Ny TR e - ™~
-ﬂlllﬂlﬂl'lﬁ
AN IalvH - B
| Dbl 1 117 K
ka7 ] Relen
B % o I ™ B
bl s R
BEESOREREREE

9¥

-eInduwod paxyj e I0J ‘Jey} MOU[S S}NSAI [BI1}II0],

"(€°G § 99s) s1owwrojsuelr], 1o (¢S §
9935) SI0M]}OU [ENPISAI SB YINS ‘SIIAL] JO SU) IIM
S[opow s91ejIssadau surewop uonedrdde ssoroe
doueur1o}1ad }Ie-9Y3-JO-91e)s Jey} SIJRI}SUOUIP
STRIA AJUoM] I9A0 PIJR[NINIIL SIUIPIAS [edrrrdyg

“TOPIIJ JO S9213

-op Auewr Surpraoxd Aq uorjezrundo ay3 sajelfoey

‘rernonaed ur ‘Yorym ‘suorsuawIp YSIy Ul suorje}

-uasa1dar Jo aGejueApE 9E] S[OPOW B3I J[IYM ‘UOoT}
-BZI[ENSIA JO 9¥es 9} 10J 219y (J< ut 3day| s1 Sury)
-A1oAq suorjejuasaidal [eurajul oayj pue ssadoid

0} TeuSIs 9y} Y10 JO UOISUIWIP MO[ 31} 03 anp Sul

-pea[sTut A[Tensred ST 31 I9AMOT] (9ASTYOR URD [9pOW

doap e jeym jo asdur[S e saA18 sjdurexs ue yong

(1ySux
wonoq ‘¥-¢ a1ngry) uorjerado suje [euy sy} 310J9q
o[qeredas A[reaur] opew Uaaq dABY BIEp Y} Jey}
saTdwr YoIym 3091100 ST UOIJRIYISSE[O dY} [IIun
doeds oy} wrojop o3 3depe-0o saorryewr Ay} ‘(3]
doj 7€ 21n8rJ) yse} uoneoyisse Areurq 403 € uo
Adoxyua-sso1d pue (IS YIM [9POW STy} UTEI} 9M J]

"T°G § ur 995 [[Im am ey} uoxydadiag
IoAeT-njn\ pIepue)s a1} JO UOISIDA pagrduws e ST
STY[, ‘TOYISSB[D Ieaul] [euly © YIm ‘quauoduwod 1od
yue], Sur{[dde pue xinew g x g & £q yndur syt Surd

-INW Yoed ‘SIaAe] JYSID SaUIqUIOd Jey} -y —



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 Re-
inforcement Learning approach.

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. Such a generative
model is referred to, somehow incorrectly, as a
diffusion model.

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
probability distribution over series of 7'+ 1 images
as follows: sample x( uniformly from the dataset,
and then sequentially sample z;1 ~ 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
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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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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.

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-
sius degrees it turns into”, or “because her puppy

was sick, Jane was”.
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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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Fine-tuning

It is often beneficial to adapt an already trained
model to a new task, referred to as a downstream
task.

It can be because the amount of data for the origi-
nal task is plentiful, while they are limited for the
downstream task, and the two tasks share enough
similarities that statistical structures learned for
the first provide a good inductive bias for the sec-
ond. It can also be to limit the training cost by
reusing the patterns encoded in an existing model.

Adapting a pre-trained model to a specific task
is achieved with fine-tuning, which is a standard
training procedure for the downstream task, but
which starts from the pre-trained model instead of
using a random initialization.

This is the main strategy for most computer vi-
sion applications which generally use a model pre-
trained for classification on ImageNet [Deng et al.,
2009] (see § 6.3 and § 6.4), and it is also how purely
generative pre-trained Large Language Models are
re-purposed as assistant-like models, able to pro-
duce interactive dialogues (see § 7.1).

We come back to techniques to cope with limited
resources in inference and for fine-tuning in Chap-
ter 8.
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mizing
1 N
g(w) = N Z (Q (Sna Qn; w) - yn)2 (6-2)
n=1

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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Figure 3.6: Test loss of a language model vs. the
amount of computation in petaflop/s-day, the dataset
size in tokens, that is fragments of words, and the
model size in parameters [Kaplan et al., 2020].
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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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Figure 3.7: Training costs in number of FLOP of some
landmark models [Sevilla et al., z023]. The colors in-
dicate the domains of application: Computer Vision
(blue), Natural Language Processing (red), or other
(black). The dashed lines correspond to the energy
consumption using Aioos SXM in 16-bit precision.
For reference, the total electricity consumption in the
US in 2021 was 3920TWh.
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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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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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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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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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« 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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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(xs — 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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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.
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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, 91, 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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2D convolution 2D transp ?sed

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 hy-
per-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) : RP*K — RP'x1,

It can process any tensor X of size D x T with
T > K, and applies ¢( -; w) to every sub-tensor
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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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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
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 hyper-parame-
ters, 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
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output is usually smaller than its input. In the 1D
case without padding nor dilation, if the input is
of size T', the kernel of size K, and the stride is .5,
the output is of size 7" = (T'— K)/S + 1.

Given an activation computed by a convolutional
layer, or the vector of values for all the channels at a
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 oper-
ator, defined by similar hyper and trainable pa-
rameters as the convolution, but which, for in-
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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, ..., Eys 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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Tanh ReLU

Leaky ReLU GELU
Figure 4.5: Activation functions.

mapping, resulting in a tensor of the same shape.

There are many different activation functions, but
the most used is the Rectified Linear Unit (ReLU)
[Glorot et al., 2011], which sets negative values
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-
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causal
self-att

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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where Z ~ /(0,1). It roughly behaves like a
smooth ReLU (see Figure 4.5, bottom right).

The choice of an activation function, in particular
among the variants of ReLU, is generally driven by
empirical performance.

4.4 Pooling

A classical strategy to reduce the signal size is to
use a pooling operation that combines multiple
activations into one that ideally summarizes the
information. The most standard operation of this
class is the max pooling layer, which, similarly
to convolution, can operate in 1D and 2D and is
defined by a kernel size.

In its standard form, this layer computes the maxi-
mum activation per channel, over non-overlapping
sub-tensors of spatial size equal to the kernel size.
These values are stored in a result tensor with the
same number of channels as the input, and whose
spatial size is divided by the kernel size. As with
the convolution, this operator has three hyper-pa-
rameters: padding, stride, and dilation, with the
stride being equal to the kernel size by default. A
smaller stride results in a larger resulting tensor,
following the same formula as for convolutions

(see § 4.2).
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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-
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The max operation can be intuitively interpreted
as a logical disjunction, or, when it follows a series
of convolutional layers that compute local scores
for the presence of parts, as a way of encoding
that at least one instance of a part is present. It
loses precise location, making it invariant to local
deformations.

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 hyper-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+p to
maintain the expected value unchanged (see Figure
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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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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.

When dealing with images and 2D tensors, the
short-term correlation of the signals and the re-
sulting redundancy negate the effect of dropout,
since activations set to zero can be inferred from
their neighbors. Hence, dropout for 2D tensors
sets entire channels to zero instead of individual
activations (see Figure 4.8).

Although dropout is generally used to improve
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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 with a 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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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.
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Figure 5.4: A downscaling residual block. It admits a
hyper-parameter S, the stride of the first convolution
layer, which modulates the reduction of the tensor
size.
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to be processed is of shape B x D x H x W, the
layer computes (g, 04), for d = 1,..., D from
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.
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Classifier {

‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘ 64 x 2 x 2

k=2 64 x 4 x 4
Feature =

extractor
‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘ 32 x8x8

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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4.7 Skip connections

Another technique that mitigates the vanishing
gradient and allows the training of deep architec-
tures are skip connections [Long et al., 2014; Ron-
neberger et al., 2015]. They are not layers per se,
but an architectural design in which outputs of
some layers are transported as-is to other layers
further in the model, bypassing processing in be-
tween. This unmodified signal can be concatenated
or added to the input of the layer the connection
branches into (see Figure 4.10). A particular type
of skip connections are the residual connections
which combine the signal with a sum, and usually
skip only a few layers (see Figure 4.10, right).

The most desirable property of this design is to
ensure that, even in the case of gradient-killing
processing at a certain stage, the gradient will still
propagate through the skip connections. Residual
connections, in particular, allow for the building
of deep models with up to several hundred layers,
and key models, such as the residual networks [He
et al., 2015] in computer vision (see § 5.2), and the
Transformers [Vaswani et al., 2017] in natural lan-
guage processing (see § 5.3), are entirely composed
of blocks of layers with residual connections.

Their role can also be to facilitate multi-scale rea-
soning in models that reduce the signal size before
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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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i A l
Computes Ag1,. .., Aq Ny Computes Y,

Figure 4.11: The attention operator can be inter-
preted as matching every query QQ, with all the keys

Ky, ..., Kyxv to get normalized attention scores
Agi1s- .., Ag nxv (left, and Equation 4.1), and then
averaging the values V1, ..., Vv with these scores

to compute the resulting Y, (right, and Equation 4.2).

and averaging the features across the full tensor
accordingly [Vaswani et al., 2017].

Even though they are substantially more compli-
cated than other layers, they have become a stan-
dard element in many recent models. They are,
in particular, the key building block of Transform-
ers, the dominant architecture for Large Language
Models. See § 5.3 and § 7.1.

Attention operator
Given

« atensor () of queries of size N2 x D%,
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Masked
softargmax

Figure 4.12: The attention operator Y =
att(Q, K, V') computes first an attention matrix A
as the per-query softargmax of QK", which may
be masked by a constant matrix M before the nor-
malization. This attention matrix goes through a
dropout layer before being multiplied by V' to get
the resulting Y. This operator can be made causal

by taking M full of 1s below the diagonal and zeros
above.
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Given as input an integer tensor X of dimension
Dy x---x Dk and values in {0, ..., N — 1} such
a layer returns a real-valued tensor Y of dimension
Dy x -+ x Dg x D with

Vdy.. ... d.
Y[dla"'vdK] :M[X[dhadK]]

4.10 Positional encoding

While the processing of a fully connected layer is
specific to both the positions of the features in the
input tensor and to the positions of the resulting
activations in the output tensor, convolutional lay-

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
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multiplying with the queries [Katharopoulos et al.,
2020].

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 hyper-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
« WVYofsize Hx D x DV,

to compute respectively the queries, the keys, and
the values from the input, and a final weight matrix
W?® of size HD"V x D to aggregate the per-head
results.

It takes as input three sequences

o X?ofsize N2 x D,
e X¥ofsize N¥V x D, and
o XV ofsize N¥ x D,

from which it computes, forh =1,..., H,
Y, = att(XQW,?, X*Wrp, XVW,X).

These sequences Yi,...,Yy are concatenated

39
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