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Chapter 1

= Prefaces=

started learning about deep learning fundamentals in February 2017.

At this time, I knew nothing about backpropagation, and was com-
pletely ignorant about the differences between a Feedforward, Con-
volutional and a Recurrent Neural Network.

;
M
i

As I navigated through the humongous amount of data available on deep
learning online, I found myself quite frustrated when it came to really un-
derstand what deep learning is, and not just applying it with some available
library.

In particular, the backpropagation update rules are seldom derived, and
never in index form. Unfortunately for me, I have an "index" mind: seeing a 4
Dimensional convolution formula in matrix form does not do it for me. Since
I am also stupid enough to like recoding the wheel in low level programming
languages, the matrix form cannot be directly converted into working code
either.

I therefore started some notes for my personal use, where I tried to rederive
everything from scratch in index form.

I did so for the vanilla Feedforward network, then learned about L1 and
L2 regularization , dropout[1], batch normalization[2], several gradient de-
scent optimization techniques... Then turned to convolutional networks, from
conventional single digit number of layer conv-pool architectures[3] to recent
VGG[4] ResNet[5] ones, from local contrast normalization and rectification to
bacthnorm... And finally I studied Recurrent Neural Network structures[6],
from the standard formulation to the most recent LSTM one[7].

As my work progressed, my notes got bigger and bigger, until a point when
I realized I might have enough material to help others starting their own deep
learning journey.
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This work is bottom-up at its core. If you are searching a working Neural
Network in 10 lines of code and 5 minutes of your time, you have come to the
wrong place. If you can mentally multiply and convolve 4D tensors, then I
have nothing to convey to you either.

If on the other hand you like(d) to rederive every tiny calculation of every
theorem of every class that you stepped into, then you might be interested by
what follow!
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Chapter 3

s= Introduction s=

his note aims at presenting the three most common forms of neural
network architectures. It does so in a technical though hopefully ped-
agogical way, buiding up in complexity as one progresses through the
chapters.

Chapter 4 starts with the first type of network introduced historically: a
regular feedforward neural network, itself an evolution of the original per-
ceptron [8] algorithm. One should see the latter as a non-linear regression,
and feedforward networks schematically stack perceptron layers on top of one
another.

We will thus introduce in chapter 4 the fundamental building blocks of
the simplest neural network layers: weight averaging and activation functions.
We will also introduce gradient descent as a way to train the network when
joint with the backpropagation algorithm, as a way to minimize a loss function
adapted to the task at hand (classification or regression). The more technical
details of the backpropagation algorithm are found in the appendix of this
chapter, alongside with an introduction to the state of the art feedforward
neural network, the ResNet. One can finally find a short matrix description of
the feedforward network.

In chapter 5, we present the second type of neural network studied: the con-
volutional networks, particularly suited to treat images and label them. This
implies presenting the mathematical tools related to this network: convolution,
pooling, stride... As well as seeing the modification of the building block in-
troduced in chapter 4. Several convolutional architectures are then presented,
and the appendices once again detail the difficult steps of the main text.

Chapter 6 finally presents the network architecture suited for data with a
temporal structure — as time series for instance, the recurrent neural network.

9
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There again, the novelties and the modifications of the material introduced in
the two previous chapters are detailed in the main text, while the appendices
give all what one needs to understand the most cumbersome formula of this

kind of network architecture.
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sz Feedforward Neural Networkss=
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41 Introduction

n this section we review the first type of neural network that has
been developed historically: a regular Feedforward Neural Network
(FNN). This network does not take into account any particular struc-
ture that the input data might have. Nevertheless, it is already a very
powerful machine learning tool, especially when used with the state of the art
regularization techniques. These techniques — that we are going to present as
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well — allowed to circumvent the training issues that people experienced when
dealing with "deep" architectures: namely the fact that neural networks with an
important number of hidden states and hidden layers have proven historically
to be very hard to train (vanishing gradient and overfitting issues).

4.2 FNN architecture

Input Hidden Hidden Output
layer layer 1 layer v layer

—— Output #1
—— Output #2
— Output #3
— Output #4

—— Output #5

Figure 4.1: Neural Network with N + 1 layers (N — 1 hidden layers). For
simplicity of notations, the index referencing the training set has not been
indicated. Shallow architectures use only one hidden layer. Deep learning
amounts to take several hidden layers, usually containing the same number of
hidden neurons. This number should be on the ballpark of the average of the
number of input and output variables.

A FNN is formed by one input layer, one (shallow network) or more (deep
network, hence the name deep learning) hidden layers and one output layer.
Each layer of the network (except the output one) is connected to a following
layer. This connectivity is central to the FNN structure and has two main
features in its simplest form: a weight averaging feature and an activation
feature. We will review these features extensively in the following
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4.3 Some notations

In the following, we will call

e N the number of layers (not counting the input) in the Neural Network.

® Tirain the number of training examples in the training set.

o T, the number of training examples in a mini-batch (see section 4.7).

o t € [0, Tyyp — 1] the mini-batch training instance index.

e v € [0, N] the number of layers in the FNN.

e F, the number of neurons in the v’th layer.

° X}t) = h}({o)(t) where f € [0, Fy — 1] the input variables.

o y](f) where f € [0, Fy — 1] the output variables (to be predicted).

o ]Jj(f) where f € [0, Fy — 1] the output of the network.

e« 0 for f € [0,F, ~ 1], f' € [0, 1 — 1] and v € [0,N - 1] the weights

matrices
e A bias term can be included. In practice, we will see when talking about
the batch-normalization procedure that we can omit it.
4.4 Weight averaging

One of the two main components of a FNN is a weight averaging proce-
dure, which amounts to average the previous layer with some weight matrix
to obtain the next layer. This is illustrated on the figure 4.2
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Figure 4.2: Weight averaging procedure.

Formally, the weight averaging procedure reads:

F,—1+e€

t . W f. (v

where v € [O,N —1], t € [0, Ty, — 1] and f € [0, F,41 — 1]. The € is here
to include or exclude a bias term. In practice, as we will be using batch-
normalization, we can safely omit it (¢ = 0 in all the following).

4,5 Activation function

The hidden neuron of each layer is defined as

h}((t)(v—i—l) _ g (a](ct)(v)> , 42)

where v € [O,N —2], f € [0,F,+1 — 1] and as usual t € [0, T,;,, — 1]. Here
g is an activation function — the second main ingredient of a FNN — whose
non-linearity allow to predict arbitrary output data. In practice, g is usually
taken to be one of the functions described in the following subsections.

4.5.1 The sigmoid function

The sigmoid function takes its value in ]0, 1] and reads

g(x) =0(x) = : (4.3)
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Its derivative is
(7'(x) =o(x)(1—0o(x)) . 4.4)

This activation function is not much used nowadays (except in RNN-LSTM
networks that we will present later in chapter 6).

Sigmoid function and its derivative

T

10

Figure 4.3: the sigmoid function and its derivative.

4.5.2 The tanh function

The tanh function takes its value in | — 1,1[ and reads

1—e 2%
= nh = 4.
§(x) = tanh(x) = 1 45
Its derivative is
tanh’(x) = 1 — tanh?(x) . (4.6)

This activation function has seen its popularity drop due to the use of the
activation function presented in the next section.
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tanh function and its derivative

——  tanh(z)
— 1 — tanh*(z)

0.5

tanh(zr)
(e

—0.5

Figure 4.4: the tanh function and its derivative.

It is nevertherless still used in the standard formulation of the RNN-LSTM
model (6).

4.5.3 The ReLU function

The ReLU - for Rectified Linear Unit — function takes its value in [0, +oo]
and reads

x x>0
x) = ReLU(x) = - . 4.7
§(x) = ReLU(x) {0x<0 @7)
Its derivative is
1 >0
ReLU'(x)={ . “= . (4.8)
0 x<0
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ReLU function and its derivative

1 T
—— ReLU(x)
—— ReLU’(z)

0.8 [ -
~ 0.6 -
N
=
)

B04f |

0.2 -

0 ; : -
-1 -0.5 0 0.5 1

Figure 4.5: the ReLU function and its derivative.

This activation function is the most extensively used nowadays. Two of its
more common variants can also be found : the leaky ReLU and ELU — Expo-
nential Linear Unit. They have been introduced because the ReLU activation
function tends to "kill" certain hidden neurons: once it has been turned off
(zero value), it can never be turned on again.

4.54 The leaky-ReLU function

The leaky-ReLU —for Linear Rectified Linear Unit — function takes its value
in | — 00, +0co[ and is a slight modification of the ReLU that allows non-zero
value for the hidden neuron whatever the x value. It reads

X x>0
=]1—ReLU(x) = - 49
8(%) eLU(x) {0.01 x x<0 49)
Its derivative is
1 >
1 — ReLU'(x) = r20 (4.10)
001 x<0
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Leaky ReLU function and its derivative

2 T T
—— 1-ReLU(x)
— -ReLU’(z)
1.5 F -
=
SEE
=
)
i
0.5 5
0 -
\ \ \
-2 -1 0 1 2

Figure 4.6: the leaky-ReLU function and its derivative.

A variant of the leaky-ReLU can also be found in the literature : the Parametric-
ReLU, where the arbitrary 0.01 in the definition of the leaky-ReLU is replaced
by an « coefficient, that can be computed via backpropagation.

X x>0
x) = Parametric — ReLU(x) = - . 4.11
8 (¥) { i @1
Its derivative is
1 >
Parametric — ReLU’(x) = { ¥20 (4.12)
a x<0

4.5.5 The ELU function

The ELU —for Exponential Linear Unit — function takes its value between
| =1, +00[ and is inspired by the leaky-ReLU philosophy: non-zero values for
all x’s. But it presents the advantage of being C.

X x>0
= ELU(x) = - . 413
g(x) = ELU(x) {ex_l . @.13)
Its derivative is
>
BLU(x) =4 =Y (4.14)
e x<0
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ELU function and its derivative

2 T T
—— ELU(x)
— ELU(2)
1 -
B
)
—
=
0 - |
-1 I | |
-2 -1 0 1 2

Figure 4.7: the ELU function and its derivative.

4.6 FNN layers

As illustrated in figure 4.1, a regular FNN is composed by several specific
layers. Let us explicit them one by one.

4.6.1 Input layer

The input layer is one of the two places where the data at disposal for the
problem at hand come into place. In this chapter, we will be considering a
input of size Fy, denoted Xj(f), with! t € [0, Ty, — 1] (size of the mini-batch,
more on that when we will be talking about gradient descent techniques), and
f € [0, Fp — 1]. Given the problem at hand, a common procedure could be to
center the input following the procedure

Xj(ﬁ — x}@ — 1y, (4.15)
with
1 Ttrain_l (t)
ue = x\¥. (4.16)
f Ttrain =0 f

To train the FNN, we jointly compute the forward and backward pass for Ty, samples of
the training set, with Tp, < Tirain. In the following we will thus have ¢ € [0, T, — 1].
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This correspond to compute the mean per data types over the training set.
Following our notations, let us recall that

X\ = OO (4.17)

4.6.2 Fully connected layer

The fully connected operation is just the conjunction of the weight averag-
ing and the activation procedure. Namely, Vv € [0, N — 1]

F,—1
a}t)(v) _ Z ®J(f7)fh](f/)(v) . (4.18)
f=0
and Vv € [0, N — 2]
h}t)(wrl) —¢ (aﬁf)(”)) _ 4.19)

for the case where v = N — 1, the activation function is replaced by an output
function.

4.6.3 Output layer
The output of the FNN reads
h}”(N ) = o(a ; ), (4.20)

where o is called the output function. In the case of the Euclidean loss function,
the output function is just the identity. In a classification task, o is the softmax
function.

a]((t)(N—l)
H(N-1)\ _ e
0<af ) FNi_l J([t/)(Nfl) (4.21)
e
=

4.7 Loss function

The loss function evaluates the error performed by the FNN when it tries
to estimate the data to be predicted (second place where the data make their
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appearance). For a regression problem, this is simply a mean square error
(MSE) evaluation

1 et RS )2
J(©) = 57— t; Jg (yf —n ) , (4.22)

while for a classification task, the loss function is called the cross-entropy func-
tion

J(©) = —7— Y Y & nn ™, (4.23)

and for a regression problem transformed into a classification one, calling C
the number of bins leads to

Thmp—1Fy—1C—

j©=-7- % Z Z(sc In k(™) (4.24)

For reasons that will appear clear when talking about the data sample used at
each training step, we denote

mb 1

): Jmb (© (4.25)

4.8 Regularization techniques

On of the main difficulties when dealing with deep learning techniques is
to get the deep neural network to train efficiently. To that end, several regular-
ization techniques have been invented. We will review them in this section

4.8.1 L2 regularization

L2 regularization is the most common regularization technique that on can
find in the literature. It amounts to add a regularizing term to the loss function
in the following way

N-1F4+1-1F, -1

-y Y ¥ (e />2 . (4.26)

JL2(®) = A2 Z H@
v=0 f=0 f'=0
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This regularization technique is almost always used, but not on its own. A
typical value of A;; is in the range 1074 —1072. Interestingly, this L2 regular-
ization technique has a Bayesian interpretation: it is Bayesian inference with
a Gaussian prior on the weights. Indeed, for a given v, the weight averaging
procedure can be considered as

(D ()
a} fZ e! o Ifp I ) (4.27)

where € is a noise term of mean 0 and variance o2. Hence the following Gaus-
sian likelihood for all values of t and f:

N( a Z oW h, ¢ ) . (4.28)

f/
Assuming all the weights to have a Gaussian prior of the form A/ <®j(f1,/)f ‘/\Ezl)

with the same parameter A1, we get the following expression

Top—1F1—1 T
P=11 I] N(“ f,fhf, o )]’[N( f‘)\m)]

t=0  f=0
- ) ) )
N T  q
R e RC
=0 f=0 270 fizo V27T
i (4.29)
Taking the log of it and forgetting most of the constant terms leads to
2
1 Terthalt [ )y (D) PR ()2
Log o b L |9 Z Op ) +h2 XX (05)"
=0 f=0 f'= f=0 f'=0

(4.30)

and the last term is exactly the L2 regulator for a given nu value (see formula
(4.26)).

4.8.2 L1 regularization

L1 regularization amounts to replace the L2 norm by the L1 one in the L2
regularization technique

JL1(®) = Ay Z H®

D) Z_ 5 ]@}‘ﬁf ‘ . (431)
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It can be used in conjunction with L2 regularization, but again these techniques
are not sufficient on their own. A typical value of Ay is in the range 10~% —
102. Following the same line as in the previous section, one can show that L1
regularization is equivalent to Bayesian inference with a Laplacian prior on the
weights

7 (el

B W)f
/ _ )\Lle Au‘G)f, .
f 2

0.A) =

(4.32)

4.8.3 Clipping

Clipping forbids the L2 norm of the weights to go beyond a pre-determined
threshold C. Namely after having computed the update rules for the weights,
if their L2 norm goes above C, it is pushed back to C

if H®<V>

Wf _ ;0)f C
sC— W W «__= (4.33)
2 T T e,

This regularization technique avoids the so-called exploding gradient prob-
lem, and is mainly used in RNN-LSTM networks. A typical value of C is in the
range 10° — 10'. Let us now turn to the most efficient regularization techniques
for a FNN: dropout and Batch-normalization.

4.8.4 Dropout

A simple procedure allows for better backpropagation performance for clas-
sification tasks: it amounts to stochastically drop some of the hidden units (and
in some instances even some of the input variables) for each training example.
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Input Hidden Hidden Output
layer layer 1 layer v layer

\\“% Output #1
N
\ P >/ O
— Output #2
o\ ﬁ Output #3
) > \\’\4
N \ﬁ Output #4
“ Output #5

Figure 4.8: The neural network of figure 4.1 with dropout taken into account
for both the hidden layers and the input. Usually, a different (lower) probability
for turning off a neuron is adopted for the input than the one adopted for the
hidden layers.

This amounts to do the following change: for v € [1, N — 1]
n\) — m(v)g (a(v)) (4.34)
(i)

with m ¥ following a p Bernoulli distribution with usually p = % for the mask

of the input layer and p = 3 otherwise. Dropout[1] has been the most success-
ful regularization technique until the appearance of Batch Normalization.

4.8.5 Batch Normalization

Batch normalization[2] amounts to jointly normalize the mini-batch set per
data types, and does so at each input of a FNN layer. In the original paper, the
authors argued that this step should be done after the convolutional layers, but
in practice it has been shown to be more efficient after the non-linear step. In
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our case, we will thus consider Vi € [0, N — 2]

RO+ )

) _ f
i) = (A(V)>2+ , (4.35)
f e
with
O SEOIER) (436)
T f :
m t=0
T.—1
S\ _ LRS00+ _ 202
(af ) =7 t_zo <hf hf> . (4.37)

To make sure that this transformation can represent the identity transform, we
add two additional parameters (7, B¢) to the model

y](f)(y) _ ’Y](rv) flj(f)(V) + [5;1/) — ,7]((1/) hj(f)(v) + .ijv) ' (4.38)
The presence of the ,B}V) coefficient is what pushed us to get rid of the bias term,

as it is naturally included in batchnorm. During training, one must compute a
running sum for the mean and the variance, that will serve for the evaluation of
the cross-validation and the test set (calling e the number of iterations/epochs)

¢ [HOW] +i)

E [hj(’t)(v+1)] et1l fe +1 : ’ (439)
v ~A\V 2
Var [h}t)(v“)]eﬂ _ eVar [h}t)(e ﬂel—i_ ( } )> (4.40)

and what will be used at test time is

E [h}”(”)} —E [h](f)(")} . Var [h}f)(”)] — Tn?;mi Var [hj(f)(”)} . (441)

so that at test time

(H) H)
(00) _ ) e —Elhy7

oo Ty
(B)(v)
\/ Var [h f } +e
In practice, and as advocated in the original paper, on can get rid of dropout

without loss of precision when using batch normalization. We will adopt this
convention in the following.

+ ﬁ}”) . (4.42)
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4.9 Backpropagation

Backpropagation[9] is the standard technique to decrease the loss function
error so as to correctly predict what one needs. As it name suggests, it amounts
to backpropagate through the FNN the error performed at the output layer, so
as to update the weights. In practice, on has to compute a bunch of gradient
terms, and this can be a tedious computational task. Nevertheless, if performed
correctly, this is the most useful and important task that one can do in a FN. We
will therefore detail how to compute each weight (and Batchnorm coefficients)
gradients in the following.

4.9.1 Backpropagate through Batch Normalization

Backpropagation introduces a new gradient

/ oY
faw) _ 7f
op ] = (O (4.43)
oh;
we show in appendix 4.C that
EEAICAOIC)
() (V) _ 5v) | st _ f f
If =¥ lét T (4.44)

4.9.2 error updates

To backpropagate the loss error through the FNN, it is very useful to com-
pute a so-called error rate

Hw) 9
5 = G (©). (4.45)
f

We show in Appendix 4.B that Vv € [0, N — 2]

Tp—1Fyp1—1

OW) _ (O (D) (#) () 5(#)(v+1)
o —g<af )EO f;o ey O 5l ) (4.46)

the value of 5\ N~V depends on the loss used. We show also in appendix 4.A
that for the MSE loss function

WOy (4.47)
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and for the cross entropy loss function

-1 1
0 - (1

. == (I —5;”(0) . (4.48)

To unite the notation of chapters 4, 5 and 6, we will call

HO =g (aP) @I (4.49)
so that the update rule for the error rate reads
() _ 00 K ()04 50 (04)
iy V=3 It Y. Hff,“ L) e (4.50)
t/:() f/f

4.9.3 Weight update

Thanks to the computation of the error rates, the derivation of the error rate
is straightforward. We indeed get Vv € [1, N — 1]

1F -1 F aG)(V)fN 1
@ Top—1Fyy1— v f/// ()( Top— )
At = — Z Yo X Y Z 5y
f =0 // —0 f///:() a@},)f f
(4.51)
and
mb 1
Z 5 (4.52)

4.9.4 Coefficient update

The update rule for the Batchnorm coefficient can easily be computed thanks
to the error rate. It reads

Top—1 Fy1— 18a()(v+1) Tnp—1 Fyy1 -1
f (v+1) (v+1)f +1
A}(V) — 2 6 (v Z 2 @ ()5}/)(” )’
=0 f=0 9y
(4.53)
Ty —1 o1~ 1aa(><"“) Top—1Fri1—1

I M I A X O S0 (450
t=0  f'=0 Bﬁf
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4.10 Which data sample to use for gradient descent?

From the beginning we have denoted Ty, the sample of the data from
which we train our model. This procedure is repeated a large number of time
(each time is called an epoch). But in the literature there exists three way to
sample from the data: Full-batch, Stochastic and Mini-batch gradient descent.
We explicit these terms in the following sections.

4.10.1 Full-batch

Full-batch takes the whole training set at each epoch, such that the loss
function reads

T‘frain_1
](®) = Z ]train(®) . (4.55)
t=0

This choice has the advantage to be numerically stable, but it so costly in
computation time that it is rarely if ever used.

4.10.2 Stochastic Gradient Descent (SGD)

SGD amounts to take only one exemplary of the training set at each epoch

J(©) = Jscp(O®) . (4.56)

This choice leads to faster computations, but is so numerically unstable that
the most standard choice by far is Mini-batch gradient descent.

4.10.3 Mini-batch

Mini-batch gradient descent is a compromise between stability and time ef-
ficiency, and is the middle-ground between Full-batch and Stochastic gradient
descent: 1 < Typ <K Tirain- Hence

Top—1

J(©)= ) Jmb(©). (4.57)
t=0

All the calculations in this note have been performed using this gradient de-
scent technique.
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4.11 Gradient optimization techniques

Once the gradients for backpropagation have been computed, the question
of how to add them to the existing weights arise. The most natural choice
would be to take

Wf _ oW

C) f f-o f f_ n
where 7 is a free parameter that is generally initialized thanks to cross-validation.
It can also be made epoch dependent (with usually a slow exponentially decay-
ing behaviour). When using Mini-batch gradient descent, this update choice
for the weights presents the risk of having the loss function being stuck in a
local minimum. Several method have been invented to prevent this risk. We
are going to review them in the next sections.

Aj?,“)f . (4.58)

4.11.1 Momentum

Momentum[10] introduces a new vector ve and can be seen as keeping a
memory of what where the previous updates at prior epochs. Calling e the
number of epochs and forgetting the f, f/,v indices for the gradients to ease
the notations, we have

Ve = Y0e—1 +11A9, (4.59)
and the weights at epoch e are then updated as
O = Op_1 — Ve . (4.60)

7 is a new parameter of the model, that is usually set to 0.9 but that could also
be fixed thanks to cross-validation.

4.11.2 Nesterov accelerated gradient

Nesterov accelerated gradient[11] is a slight modification of the momentum
technique that allows the gradients to escape from local minima. It amounts to
take

Ve = YVe_1 + nA® 701, 4.61)
and then again
@e — @g_]_ — De . (4.62)

Until now, the parameter 7 that controls the magnitude of the update has been
set globally. It would be nice to have a fine control of it, so that different
weights can be updated with different magnitudes.
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4.11.3 Adagrad

Adagrad[12] allows to fine tune the different gradients by having individual
learning rates 7. Calling for each value of f, f',i

e—1 2
ve=Y. (AS) , (4.63)
e/'=0
the update rule then reads
© =0, | ——1_7®. (4.64)

Ve +€ ¢

One advantage of Adagrad is that the learning rate # can be set once and for
all (usually to 1072) and does not need to be fine tune via cross validation
anymore, as it is individually adapted to each weight via the ve term. € is here
to avoid division by 0 issues, and is usually set to 10~.

4.11.4 RMSprop

Since in Adagrad one adds the gradient from the first epoch, the weight
are forced to monotonically decrease. This behaviour can be smoothed via the
Adadelta technique, which takes

Ve = Y01+ (1 —7)A?, (4.65)

with o a new parameter of the model, that is usually set to 0.9. The Adadelta
update rule then reads as the Adagrad one

© =0, | — \/%Aga . (4.66)

11 can be set once and for all (usually to 103).

4.11.5 Adadelta

Adadelta[13] is an extension of RMSprop, that aims at getting rid of the 7
parameter. To do so, a new vector update is introduced

2
Me_1 + €
Me = yMe_1+ (1 —7) (LA?) , (4.67)

Ve +€
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and the new update rule for the weights reads

\/Me_1+ €
@ =0, 1 — Y LIEAO (4.68)
A/ Ve + €

The learning rate has been completely eliminated from the update rule, but
the procedure for doing so is ad hoc. The next and last optimization technique
presented seems more natural and is the default choice on a number of deep
learning algorithms.

411.6 Adam

Adam][14] keeps track of both the gradient and its square via two epoch
dependent vectors

e = Prmme_t + (1= B1)A,  ve = Bove + (1 — Ba) (AS’)Z . (4.69)

with B1 and B, parameters usually respectively set to 0.9 and 0.999. But the
robustness and great strength of Adam is that it makes the whole learning
process weakly dependent of their precise value. To avoid numerical problems
during the first steps, these vector are rescaled

A Nle ~ Ve
= _Me - : 4.70
before entering into the update rule
O =0, 1 — e . @71

\V0e+€ ¢

This is the optimization technique implicitly used throughout this note, along-
side with a learning rate decay

e =¢e "1e_1, (4.72)

ao determined by cross-validation, and 7y usually initialized in the range 103 —
1072,

4.12 Weight initialization

Without any regularization, training a neural network can be a daunting
task because of the fine-tuning of the weight initial conditions. This is one
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of the reasons why neural networks have experienced out of mode periods.
Since dropout and Batch normalization, this issue is less pronounced, but one
should not initialize the weight in a symmetric fashion (all zero for instance),
nor should one initialize them too large. A good heuristic is

W)f" 6
[@)f ]imt ,/F TE N(0,1) . (4.73)

4.A Backprop through the output layer

Appendix

Recalling the MSE loss function

1t ) a2
J(©) = Y Y (v —h , (4.74)
2Ty, = ( Fl >
we instantaneously get
mn-1) _ 1 o mmy o
o = (hf v ) . (4.75)

Things are more complicated for the cross-entropy loss function of a regression
problem transformed into a multi-classification task. Assuming that we have
C classes for all the values that we are trying to predict, we get

Top—1Fy—1C—1 ah( ")(N) 9

(H(N-1) _ 9 - Fd
(5fc - aaj((tc)(Nl)](@) = tlzo f/zﬂ dZ%) aaj(fc)(N 0 ah](f,'d)( )](®). (4.76)
Now
d
0 5yff,')
—w/(©) = ——mw 4.77)
t ') (N
on,/™ T )
and
—ah}d)( | f (t)(N) (H)(N) 1 (£)(N)
/ t t
9gH(N=1) _(Sf’(s (5dhfc _hfc hfd ) , (4.78)

fc
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so that
1 c-1 (Sd(t)
(H(N=-1) _ _ i (DN) _ 7 (O(N) g (H)(N)
e T Ty & (85 = ™)
=0 hy
_ L (pomn s

For a true classification problem, we easily deduce

(HN-1) _ 1 (0N _ f

ot e (h ™ =df,) - (4.80)

4.B Backprop through hidden layers

To go further we need

CE g (D)D)
OO O ey st dap () (u41)
O ow) (@)= OIORE
E)af =0 f'=0 aaf
0
Rt B f’ayf” () (v-+1)
1=0 f=0 fr— af
Tmp—1F,41—1 F, , ay(l;:)(v)
B wrnyr s ) (O ) 4)
=Yy Y yent g (o)) s, s
/ / 17 f (t)(v+1) f f
=0 f'=0 f'=0 oh f
so that
Ow) O T g #)) <04
v / v V v
5V = g (af ) t/zo f/z ) ]f o , (4.82)

4.C Backprop through BatchNorm

We saw in section 4.9.1 that batch normalization implies among other things
to compute the following gradient.

(#)(v) 7
awp e o, s
ah}((t)(wrl) f ah}({)(v+1) ' '
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We propose to do just that in this section. Firstly

(t)(v+1) £ (v) f!
ahf, _ (5t’5f/ Bhf, _ 5f 48
ah(f)(VH) EYf ah(f)(VH) Tob
f f
Secondly
NS f
J <Uf/ ) 25f <h(t)(v+1) _ ]fl(V)> (4.85)
ah(f)(VH) Top \ f )’ :

7 () (v) f! / #)(w+1) ¢ (v) Hwv+1) 1)
ohy 0% | Twol -1 (1 i) (g i)
ah(t)(v+1) Tmb A(V) 2 2 A(V) 2 %
! ((‘Tf ) “) (o) +€>
f! 7 (1) (V)5 (H)(v)
o . 1+4+h h
- f _ ot ) (4.86)
A(V) 2 2 Tl’l’lb
(((Tf > + e)
To ease the notation recall that we denoted
(v)
v Y
7 = f2 ;- (4.87)
A (V)
(( )+ e)
so that
(H)(v) () ()7, (t)(v)
ahj(rt)(v‘*‘l) fof t T ’ :

4.D FNN ResNet (non standard presentation)

The state of the art architecture of convolutional neural networks (CNN,
to be explained in chapter 5) is called ResNet[5]. Its name comes from its
philosophy: each hidden layer output y of the network is a small — hence the
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term residual — modification of its input (y = x + F(x)), instead of a total
modification (y = H(x)) of its input x. This philosophy can be imported to

the FNN case. Representing the operations of weight averaging, activation
function and batch normalization in the following way

:

Figure 4.9: Schematic representation of one FNN fully connected layer.

In its non standard form presented in this section, the residual operation
amounts to add a skip connection to two consecutive full layers

Figure 4.10: Residual connection in a FNN.

Mathematically, we had before (calling the input y()(V=1))

(H)(v+1) (V—i—l)ﬁ(t)(v—&-Z) + ,B(V—H) a(t)(v—H) _ le @(VJrl)fy(t)(v)

Y — Ty foor % rooYy
f'=0
(t)(v) V) () (v+1) (v) (t)(v) i W)f, () (v-1)
v V)71 v v v v v—
as well as hj(f)(wrz) =g (aj(f)(vﬂ)) and h](f)(vﬂ) =g (a](f)(v)>. In ResNet, we
now have the slight modification
y](ct)(w-l) _ 7}({v+1)fl}/(+2 —I—,BE,VH) _f_y](ft)(v—l) . (4.90)

The choice of skipping two and not just one layer has become a standard for
empirical reasons, so as the decision not to weight the two paths (the trivial
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skip one and the two FNN layer one) by a parameter to be learned by back-
propagation

yj([t)(v+1) 4 ( j(rv+1)}~l](()(v+2 n ﬁfwl > (1- “)y](ct/)(vfl) . (4.91)

This choice is called highway nets[15], and it remains to be theoretically un-
derstood why it leads to worse performance than ResNet, as the latter is a
particular instance of the former. Going back to the ResNet backpropagation
algorithm, this changes the gradient through the skip connection in the follow-
ing way

T.p—1F,— () (v) T.p—1F,p—1 () (v+2)
POCSIN S o AR TODI Shi Sl I
! =0 f=0 Ba](c)( 0 =0 f=0 aa})(”_l) /

CEiF () (v-1)
_ TR RSIRIT ) Y () ()

Z Z Z ®f” () (v—1) ‘Sf’

=0 f/:0 f”:O agf v

Top—1Fos2—1F_1— Yyl

n U Y st

t/Z—O f;o f"Zo 7 a0t

Top—1F—1F_1-1

= <aj([t)(vfl)) Y Y Y e f” ]f }f)(v)

F=0 f'=0 f'=0
Twb—1Fyp2—1F,_1-1 N
+g' (aj(ct)(v—l)> Z Z Z f1’/’+2 ]ftt /(1/+2), (4.92)
F=0 f'=0 f"=0
so that
Oo-1) _ (- Oe-D\ ST 6w
o =g (@) YT
#'=0 f” 0
F,—1 , 2 , 5
X [2 oL sl + 2 @f’ff P @)
£=0

This formulation has one advantage: it totally preserves the usual FNN
layer structure of a weight averaging (WA) followed by an activation function
(AF) and then a batch normalization operation (BN). It nevertheless has one
disadvantage: the backpropagation gradient does not really flow smoothly
from one error rate to the other. In the following section we will present the
standard ResNet formulation of that takes the problem the other way around
: it allows the gradient to flow smoothly at the cost of "breaking" the natural
FNN building block.
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4.E FNN ResNet (more standard presentation)

Output

Figure 4.11: Residual connection in a FNN, trivial gradient flow through error
rates.

In the more standard form of ResNet, the skip connections reads

a}((t)(v+2) .

}t)(v+2) +a}t)(u) , (4.94)
and the updated error rate reads
1F,-1
Hv) (t')( (v+1) f/ ) (v+1) () (v+2)

f// 0
(4.95)

4.F Matrix formulation

In all this chapter, we adopted an "index" formulation of the FNN. This
has upsides and downsides. On the positive side, one can take the formula
as written here and go implement them. On the downside, they can be quite
cumbersome to read.

Another FNN formulation is therefore possible: a matrix one. To do so, one
has to rewrite

h;t)( v) — h]((t) L) c M(Fv’ Tmb) . (4.96)

In this case the weight averaging procedure (4.18) can be written as

t v)1,(v
A f/Z®f/fh}/3Ha” @WK | (4.97)
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The upsides and downsides of this formulation are the exact opposite of the
index one: what we gained in readability, we lost in terms of direct implemen-
tation in low level programming languages (C for instance). For FNN, one can
use a high level programming language (like python), but this will get quite
intractable when we talk about Convolutional networks. Since the whole point
of the present work was to introduce the index notation, and as one can easily
find numerous derivation of the backpropagation update rules in matrix form,
we will stick with the index notation in all the following, and now turn our
attention to convolutional networks.
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5.1 Introduction

n this chapter we review a second type of neural network that is
presumably the most popular one: Convolutional Neural Networks
(CNN). CNN are particularly adapted for image classification, be it
numbers or animal/car/... category. We will review the novelty in-
volved when dealing with CNN when compared to FNN. Among them are
the fundamental building blocks of CNN: convolution and pooling. We will
in addition see what modification have to be taken into account for the regu-
larization techniques introduced in the FNN part. Finally, we will present the
most common CNN architectures that are used in the literature: from LeNet
to ResNet.
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5.2 CNN architecture

A CNN is formed by several convolution and pooling operations, usually
followed by one or more fully connected layers (those being similar to the
traditional FNN layers). We will clarify the new terms introduced thus far in
the following sections.

Figure 5.1: A typical CNN architecture (in this case LeNet inspired): convo-
lution operations are followed by pooling operations, until the size of each
feature map is reduced to one. Fully connected layers can then be introduced.

5.3 CNN specificities

5.3.1 Feature map

In each layer of a CNN, the data are no longer labeled by a single index
as in a FNN. One should see the FNN index as equivalent to the label of
a given image in a layer of a CNN. This label is the feature map. In each
feature map f € [0, F, — 1] of the v’th layer, the image is fully characterized
by two additional indices corresponding to its height k € T, — 1 and its width
j € Ny — 1. A given f, ],k thus characterizes a unique pixel of a given feature
map. Let us now review the different layers of a CNN

5.3.2 Input layer

We will be considering a input of Fy channels. In the standard image treat-
ment, these channels can correspond to the RGB colors (Fp = 3). Each image
in each channel will be of size Ny x Tp (widthxheight). The input will be de-

noted Xj(ft]) w with t € [0, T, — 1] (size of the Mini-batch set, see chapter 4),
j€[0,No—1] and k € [0, Ty — 1]. A standard input treatment is to center the
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data following either one of the two following procedure

() () o) ()
g = Rije e Xiie = Xijx = Mk (5.1)
with
Tirain—1 No—1Tp—1
i TtramTONO t[;(‘) 2 Z f]k' (52)
1 Tirain—1 (t)
Mfje=T— tzo X ik - (5.3)

This correspond to either compute the mean per pixel over the training set, or
to also average over every pixel. This procedure should not be followed for
regression tasks. To conclude, figure 5.2 shows what the input layer looks like.

Input Layer

1%

To

No

Figure 5.2: The Input layer

5.3.3 Padding

As we will see when we proceed, it may be convenient to "pad" the feature
maps in order to preserve the width and the height of the images though
several hidden layers. The padding operation amounts to add 0’s around the
original image. With a padding of size P, we add P zeros at the beginning
of each row and column of a given feature map. This is illustrated in the
following figure
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Padding

T+2Pf

Figure 5.3: Padding of the feature maps. The zeros added correspond to the
red tiles, hence a padding of size P = 1.

5.3.4 Convolution

The convolution operation that gives its name to the CNN is the fundamen-
tal building block of this type of network. It amounts to convolute a feature
map of an input hidden layer with a weight matrix to give rise to an output
feature map. The weight is really a four dimensional tensor, one dimension (F)
being the number of feature maps of the convolutional input layer, another (F,)
the number of feature maps of the convolutional output layer. The two others
gives the size of the receptive field in the width and the height direction. The
receptive field allows one to convolute a subset instead of the whole input im-
age. It aims at searching similar patterns in the input image, no matter where
the pattern is (translational invariance). The width and the height of the output
image are also determined by the stride: it is simply the number of pixel by
which one slides in the vertical and/or the horizontal direction before apply-
ing again the convolution operation. A good picture being worth a thousand
words, here is the convolution operation in a nutshell
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Input Convolution Layer Weights Output Convolution Layer

Rc H

‘vﬁzaEp.‘
a2

u)

T+2P

Figure 5.4: The convolution operation

Here R is the size of the convolutional receptive field (we will see that the
pooling operation also has a receptive field and a stride) and S¢ the convolu-
tional stride. The widths and heights of the output image can be computed
thanks to the input height T and output width N

N4+2P —R T+2P —R
_N+2P=Re o r,= T2 Re g (5.4)
Sc Sc
It is common to introduce a padding to preserve the widths and heights of the
input image N = N, = T = T}, so that in these cases Sc = 1 and

Re—1
5

For a given layer n, the convolution operation mathematically reads (similar in
spirit to the weight averaging procedure of a FNN)

Ny

P =

(5.5)

O _ EREET o, )
v [ v
Tpim = ZE) - k;) O iy selsiscmtk 7 (5.6)

where o characterizes the o + 1 convolution in the network. Here v denotes
the v’'th hidden layer of the network (and thus belongs to [0, N — 1]), and
f e€[0,F4+1—1],1 € [0O,Ny41 —1] and m € [0,T,41 —1]. Thus Scl+j €
[0,Ny, —1] and Scl +j € [0, T, — 1]. One then obtains the hidden units via a
ReLU (or other, see chapter 4) activation function application. Taking padding
into account, it reads

]

t)(v+1
pOHD (

t
fl+Pm+p — & (1) V)) . (5.7)
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5.3.5 Pooling

The pooling operation, less and less used in the current state of the art
CNN, is fundamentally a dimension reduction operation. It amounts either to
average or to take the maximum of a sub-image — characterized by a pooling
receptive field Rp and a stride Sp — of the input feature map F to obtain an
output feature map F, = F of width N, < N and height T, < T. To be noted:
the padded values of the input hidden layers are not taken into account during
the pooling operation (hence the 4P indices in the following formulas)

Input Pooling layer Output Pooling layer

F

Rg . P T———

Tl T,

N

Figure 5.5: The pooling operation

The average pooling procedure reads for a given v’th pooling operation

(W) _ Ty 0w (5.8)

_ )(v)
Afim = ﬁ:o £ Spl+j+P Spm+k+P * (5.9)

Here v denotes the v’th hidden layer of the network (and thus belongs to
[0,N —1]), and f € [0,F,+1 —1], I € [0,Ny4+1 —1] and m € [0, T, 41 — 1].
Thus Spl +j € [0,N, —1] and Spl +j € [0,T, — 1]. Max pooling is exten-
sively used in the literature, and we will therefore adopt it in all the following.

((p) 1 (O)(p)

Denoting jy,, "', ky,, " the indices at which the I, m maximum of the f feature
map of the t'th batch sample is reached, we have

() (v+1) () _ 4 (HW)
Hyiipmep = Oim = hfs )P Spm k)P p (5.10)

flm
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5.3.6 Towards fully connected layers

At some point in a CNN the convolutional receptive field is equal to the
width and the height of the input image. In this case, the convolution operation
becomes a kind of weight averaging procedure (as in a FNN)

Input Pooling layer Fully Connected layer

Figure 5.6: Fully connected operation to get images of width and height 1.

This weight averaging procedure reads
F,~1N-1T—

=) ) Z ®f’lm f’l+Pm+P’ (5.11)
f'=0 1=0 m=

and is followed by the activation function

h}t)(u+1) —¢ (a}t)(v)> ) (5.12)

5.3.7 fully connected layers

After the previous operation, the remaining network is just a FNN one. The
weigh averaging procedure reads

F,—-1

(v (O
aj(,() f/z G)f,fhf,(), (5.13)

and is followed as usual by the activation function

h]((t)(v+1) —g (uj(f)(”)> ) (5.14)
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Input Fully connected Weights ~ Output Fully connected

o F .
Dc. . o D..

Figure 5.7: Fully connected operation, identical to the FNN operations.

5.3.8 Output connected layer

Finally, the output is computed as in a FNN

Fy—1
(H(N-1) _ (0)f7 (H)(N-1) (H(N) _ (H)(N-1)
a = fgo O hy , h =0 (a ) , (5.15)

where as in a FNN, o is either the L2 or the cross-entropy loss function (see
chapter 4).

5.4 Modification to Batch Normalization

In a CNN, Batch normalization is modified in the following way (here, con-
trary to a regular FNN, not all the hidden layers need to be Batch normalized.
Indeed this operation is not performed on the output of the pooling layers. We
will hence use different names v and n for the regular and batch normalized
hidden layers)

e LR By (5.16)
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with

Tmp—1N,—1T,—1

) 1
f TN, Ty, E) E) mZo flm ( )

RO T e S T

(o) =N E) lgo m;o (W0 = 0)" (5.18)

The identity transform can be implemented thanks to the two additional pa-
rameters (¢, Br)

Yoy gl (5.19)

For the evaluation of the cross-validation and the test set (calling e the number
of iterations/epochs), one has to compute

B[], = — e, (5:20)
OO L (A2
Var [ "]1/)]534—1 - [hflﬂe; (o) (5.21)

and what will be used at test time is [E [h](fl) V)] and Ti:‘ﬁl\far [h](fl) nf )} .

5.5 Network architectures

We will now review the standard CNN architectures that have been used in
the literature in the past 20 years, from old to very recent (end of 2015) ones.
To allow for an easy graphical representation, we will adopt the following
schematic representation of the different layers.
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Tnput Layer Input Convolution Layer Weights ~ Output Convolution Layer
1 R mm——
— | s c
n o
— . — |0
Ty P’/ T +2P . A n /
u
N v
t N,
No N+2pP
Input Fully connected Weights ~ Output Fully connected
p o
— |0 . — |u
ol / " / 1
1 o o a” 1

Figure 5.8: Schematic representation of the different layer

5.5.1 Realistic architectures

In realistic architectures, every fully connected layer (except the last one
related to the output) is followed by a ReLU (or other) activation and then a
batch normalization step (these two data processing steps can be inverted, as
it was the case in the original BN implementation).

:

Figure 5.9: Realistic Fully connected operation

The same holds for convolutional layers

E:

Figure 5.10: Realistic Convolution operation
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We will adopt the simplified right hand side representation, keeping in
mind that the true structure of a CNN is richer. With this in mind - and
mentioning in passing [16] that details recent CNN advances, let us now turn
to the first popular CNN used by the deep learning community.

5.5.2 LeNet

The LeNet[3] (end of the 90’s) network is formed by an input, followed by
two conv-pool layers and then a fully-connected layer before the final output.
It can be seen in figure 5.1

Figure 5.11: The LeNet CNN

When treating large images (224 x 224), this implies to use large size of
receptive fields and strides. This has two downsides. Firstly, the number or
parameter in a given weight matrix is proportional to the size of the receptive
field, hence the larger it is the larger the number of parameter. The network can
thus be more prone to overfit. Second, a large stride and receptive field means
a less subtle analysis of the fine structures of the images. All the subsequent
CNN implementations aim at reducing one of these two issues.

5.5.3 AlexNet

The AlexNet[17] (2012) saw no qualitative leap in the CNN theory, but due
to better processors was able to deal with more hidden layers.

Figure 5.12: The AlexNet CNN
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This network is still commonly used, though less since the arrival of the
VGG network.

554 VGG

The VGG[4] network (2014) adopted a simple criteria: only 2 x 2 paddings
of stride 2 and 3 x 3 convolutions of stride 1 with a padding of size 1, hence
preserving the size of the image’s width and height through the convolution
operations.

Figure 5.13: The VGG CNN

This network is the standard one in most of the deep learning packages
dealing with CNN. It is no longer the state of the art though, as a design
innovation has taken place since its creation.

5.5.5 GoogleNet

The GoogleNet[18] introduced a new type of "layer" (which is in reality a
combination of existing layers): the inception layer (in reference to the movie
by Christopher Nolan). Instead of passing from one layer of a CNN to the
next by a simple pool, conv or fully-connected (fc) operation, one averages the
result of the following architecture.

[Conv ] [Conv] [Conv ]
[Conv ] [Conv] [Conv] [ Pool |:

Figure 5.14: The Inception module
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We won't enter into the details of the concat layer, as the Google Net illus-
trated on the following figure is (already!) no longer state of the art.

< B o QN

- 2T B o~

Figure 5.15: The GoogleNet CNN

Indeed, the idea of averaging the result of several conv-pool operations to
obtain the next hidden layer of a CNN as been exploited but greatly simplified
by the state of the art CNN : The ResNet.

5.5.6 ResNet

1V
=-

Figure 5.16: The Bottleneck Residual architecture. Schematic representation
on the left, realistic one on the right. It amounts to a 1 x 1 conv of stride 1
and padding 0, then a standard VGG conv and again a 1 x 1 conv. Two main
modifications in our presentation of ResNet: BN operations have been put after
ReLU ones, and the final ReLU is before the plus operation.

The ResNet[5] takes back the simple idea of the VGG net to always use
the same size for the convolution operations (except for the first one). It also
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takes into account an experimental fact: the fully connected layer (that usually
contains most of the parameters given their size) are not really necessary to
perform well. Removing them leads to a great decrease of the number of
parameters of a CNN. In addition, the pooling operation is also less and less
popular and tend to be replaced by convolution operations. This gives the basic
ingredients of the ResNet fundamental building block, the Residual module of
tigure 5.16.

Two important points have to be mentioned concerning the Residual mod-
ule. Firstly, a usual conv-conv-conv structure would lead to the following out-
put (forgetting about batch normalization for simplicity and only for the time
being, and denoting that there is no need for padding in 1 x 1 convolution
operations)

) Fo—1Rc—1Rc—1
hfl+Pm+P =8 fzo Z Z ®f’]k f’SCl—i-]SCnH—k
/ j= k=0

) Fi—1Rc—1Rc—1
W =8 fZO ]Z g ®f’]k f’SCl+]SCm+k

60) Fy—1Re—1Re—
hflm =8 fzo Z Z ®f’]k f’ SClJr] Semtk | 7 (5.22)
/ j= k=0

whereas the Residual module modifies the last previous equation to (implying
that the width, the size and the number of feature size of the input and the
output being the same)

o) F—1Rc—1Rc—
M im _hflm +g| X Z 2 ®f’]k f’Scl+]SCm+k

f'=0 j=0 k=0
=m0+ oh (5.23)

Instead of trying to fit the input, one is trying to fit a tiny modification of the
input, hence the name residual. This allows the network to minimally modify
the input when necessary, contrary to traditional architectures. Secondly, if the
number of feature maps is important, a 3 x 3 convolution with stride 1 could
be very costly in term of execution time and prone to overfit (large number
of parameters). This is the reason of the presence of the 1 x 1 convolution,
whose aim is just to prepare the input to the 3 x 3 conv to reduce the number
of feature maps, number which is then restored with the final 1 x 1 conv of the
Residual module. The first 1 x 1 convolution thus reads as a weight averaging
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operation
Fp—1
(t)(1) _ (0)f, (£)(0)
W pmer =8 (ijO O hf/lm> , (5.24)
but is designed such that f € F; < Fy. The second 1 x 1 convolution reads
06 _ [ o@f 00
M eim =g<Z(j) ©; 7 Iy ) : (5.25)
1=

with f € Fy, restoring the initial feature map size. The ResNet architecture is
then the stacking of a large number (usually 50) of Residual modules, preceded
by a conv-pool layer and ended by a pooling operation to obtain a fully con-
nected layer, to which the output function is directly applied. This is illustrated
in the following figure.

I
n
p bl bl bl bl bl b{ bL Bl bl bl bl bl b bl bl b1 bl bl b1 b bl b1 b bl bl bbbl bbb bl bl bl bl bl b bl bbbl b1 b1 b1 bl bl bl b
u
t

Figure 5.17: The ResNet CNN

< = 0 Q0
— o o
— o o Y
2w = O

The ResNet CNN has accomplished state of the art results on a number
of popular training sets (CIFAR, MNIST...). In practice, we will present in the
following the backpropagation algorithm for CNN having standard (like VGG)
architectures in mind.

5.6 Backpropagation

In a FNN, one just has to compute two kind of backpropagations : from
output to fully connected (fc) layer and from fc to fc. In a traditional CNN, 4
new kind of propagations have to be computed: fc to pool, pool to conv, conv
to conv and conv to pool. We present the corresponding error rates in the next
sections, postponing their derivation to the appendix. We will consider as in
a FNN a network with an input layer labelled 0, N-1 hidden layers labelled i
and an output layer labelled N (N + 1 layers in total in the network).
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5.6.1 Backpropagate through Batch Normalization

As in FNN, backpropagation introduces a new gradient

£ o _ i
tt/ n / /m/
0 f’] fll'mm' — ap D) (5.26)
flm
we show in appendix 5.A that for pool and conv layers
14 ZE) g0
(t)(n) _ ~(n) | s o' sm' fU'm “flm
]fll’mm/ - r)’f [(51? 51 (Sm TopNaTn ’ (5.27)
while we find the FNN result as expected for fc layers
, o1+ () () (£) (n)
]j(rff )(n) _ ~j(r”) {55 _ fT - f (5.28)

5.6.2 Error updates

We will call the specific CNN error rates (depending on whether we need
padding or not)

(H(v) _ 0
Scepin(+p) = 2 o (©) 6.29)
flm

5.6.2.1 Backpropagate from output to fc

Backpropagate from output to fc is schematically illustrated on the follow-
ing plot

— —c m
~£0T ~ 2 O

Figure 5.18: Backpropagate from output to fc.

As in FNN, we find for the L2 loss function

HiN-1) _ 1 mmy @
5 = (h 0 ) ) (5.30)
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and for the cross-entropy one

HN-1) _ 1 ) of
o =7 (™ =) (5.31)

5.6.2.2 Backpropagate from fc to fc

Backpropagate from fc to fc is schematically illustrated on the following
plot

—_——
— =g’

Figure 5.19: Backpropagate from fc to fc.

As in FNN, we find

Tmb—1Fyy1—-1

5}9)(1/): (t ) /E Z @ )(5}5)(1%1), (5.32)

5.6.2.3 Backpropagate from fc to pool

Backpropagate from fc to pool is schematically illustrated on the following
plot

— O O =
——£

Figure 5.20: Backpropagate from fc to pool.

We show in appendix 5.B that this induces the following error rate

v+1 1

t 1
Sim = z oo, (5.33)
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5.6.2.4 Backpropagate from pool to conv

Backpropagate from pool to conv is schematically illustrated on the follow-
ing plot

<800
— 0 o

Figure 5.21: Backpropagate from pool to conv.

We show in appendix 5.A that this induces the following error rate (calling
the pooling layer the pth one)

Tob—1 Nyp1—=1Typ1—

O (O -
e = (a7 ZO Z Z i
H=
() (n) -
’ ]f Pl P Stk PP (5.34)

Note that we have padded this error rate.

5.6.2.5 Backpropagate from conv to conv

Backpropagate from conv to conv is schematically illustrated on the follow-
ing plot

< B oN
< B oN

Figure 5.22: Backpropagate from conv to conv.

We show in appendix 5.B that this induces the following error rate
Tob—1Frs1 =1 Nyp1—1 T3 -1 Rc—1 Rc—
O (£)(v) )(v-+1)
O by Pmtp = 4 <aflm > YoX X X Z Z f’l’+Pm +p
F=0 f'=0 I'=0 m'=0 j=
w @ ) (m) (5.35)
fik 7 fScl'+jScm'+k14+P m+P :

Note that we have padded this error rate.
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5.6.2.6 Backpropagate from conv to pool

Backpropagate from conv to pool is schematically illustrated on the follow-
ing plot

—0 o X
<BO0N

Figure 5.23: Backpropagate from conv to pool.

We show in appendix 5.B that this induces the following error rate

Fyy1-1Rc—1Rc-1

s 2 Z Z ety (5.36)

H'P ]+P m+P k+P

5.6.3 Weight update

For the weight updates, we will also consider separately the weights be-
tween fc to fc layer, fc to pool, conv to conv, conv to pool and conv to input.

5.6.3.1 Weight update from fc to fc

For the two layer interactions

——c ™
——c =

Figure 5.24: Weight update between two fc layers.

We have the weight update that reads

mb 1

Z y" (5.37)
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5.6.3.2 Weight update from fc to pool

For the two layer interactions

— O O X
— — o

Figure 5.25: Weight update between a fc layer and a pool layer.

We have the weight update that reads
o0)f _ 0w s0w)
0 1% v
Api” = ;o h it Pl POf (5.38)

5.6.3.3 Weight update from conv to conv

For the two layer interactions

< B 0N
< B 0N

Figure 5.26: Weight update between two conv layers.

We have the weight update that reads
Top—1Ty41—1 Nyp1—1

O)f _ (t)(n) (H)(v)
Apie™ = tZO IZ(;) ZO Yo 14 imkOf 4P map (5.39)
= = m=

5.6.3.4 Weight update from conv to pool and conv to input

For the two layer interactions
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— 0 o
<BON
-~ o0 B~
<BO0N

Figure 5.27: Weight update between a conv and a pool layer, as well as between
a conv and the input layer.

Tb—1 Ty41 =1 Nyj1 -

f’]k 2 Z Z hf’l+]m+k fl)—(Hzm—kP (5.40)

5.6.4 Coefficient update

For the Coefficient updates, we will also consider separately the weights
between fc to fc layer, fc to pool, cont to pool and conv to conv.

5.6.4.1 Coefficient update from fc to fc

For the two layer interactions

——c
——c

Figure 5.28: Coefficient update between two fc layers.

We have

y(n) _ + 50 F 7(8)(n) () (v)
A=) ), O e
t=0 f'=0
gy _ R Gy )
N =) ) 8 (5.41)
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5.6.4.2 Coefficient update from fc to pool and conv to pool

For the two layer interactions

— O O N
— = o
— o0 o H
< B 0N

Figure 5.29: Coefficient update between a fc layer and a pool as well as a conv
and a pool layer.

Tmb 1Nv+1 1Tl/+1 1
Af) Z Z Zh( (5(t)(),

p) Im
= &= s 1+szm +PSpm+kf,m lip f
Top—1 Nyy1—1 Ty —1

=L L X i (5.42)

5.6.4.3 Coefficient update from conv to conv

For the two layer interactions

<BoNn
< B oNn

Figure 5.30: Coefficient update between two conv layers.

We have

mb—1Fy41—1Ny11—-1T,11—1Rc—1Rc~1

Z Z ror Z X OF T o i b o

mb — 1Fv+1 INy1—-1Ty41— 1RC 1Rc—

Z Z Z Z Z Z ®f]k f’l+Pm+P (5.43)

Let us now demonstrate all these formulas!



64 CHAPTER 5. CONVOLUTIONAL NEURAL NETWORKS
Appendix
5.A Backprop through BatchNorm

For Backpropagation, we will need

noy = 5 5Ty (5.44)
AT
Since
() (v) 7 (n) f!
My _ oo 0 o' g Ny i (5.45)
o) — o m o) TNy Ty '
flm flm
and
A (1)) £
2 (") 205 (W) — i) (5.46)
= T, (' 57) -
we get
n) ! ’ () (v) _ 7(n) (Hv) _ 4(n)
ah}/l)/(m/ _ (5}( T, anTnét 51 5m — <hfl'm’ _hf )(hflm _hf >
f ((Uf ) —i—e) <f ) +e)
f! (") (n)7,(t)(n)
0 c oo Ik She
= e [ — A L (5.47)
A(Yl) 2 2 Tl’l’lenTTl
()" +)
To ease the notation we will denote
,Y(ﬂ)
7}’” — f - (5.48)
A(YZ) 2 2
(af ) ‘e
so that
() (n) (#) ()7, (t)(n)
]tt/ _ ayf/l/ 7 ( ) 51?/5 5111 - 1 +hfl' ’hflm (5 49)
Splfimrmw = — oy = V¢ f £ Em T N T ' '
ahflm
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5.B Error rate updates: details

We have for backpropagation from fc to pool

Top—1F1—1 9glt) (v +1)
OW) _ 9 ey f () (v+1)
SN\ = —jWey=Y Yy L4
fl aaj(rtlz/’g ) t/ZO f/:() aa}tl)ni ) f

Top—1Fyp1 =1 F,—1 Nyj1 Ty ( V!

=0 f’Of”O]OkO

v+1

— £)(v+1)
= Z o flm f’ ’
For backpropagation from pool to conv

Top—1F/41—1Nyj1—1T) 41— 18(51}/1)/(1//+1) (t)

Siiomir = Y. L e

=0 f'=0 I'= '=0 f l m
) (t')(n)
Tob—1F,41—1Ny41—-1T, 411 f's l/+]j(f/lz< /)

(B (v+1)

9 f"j4+Pk+P (t")(v+1)

- Z Z ZZZ ik Sy

(H(v+1) ~f
fl4+Pm+P

(v+1)

=) X X X 910

=0 f'=0 I'=0 m'=0 fl
Tp—1 Ny1—-1 Tv+1_
S0

+PSp'+k )\ +-P /(

(v+1)
+Pm—+P

:’7](:1)8/ (“??;?) Z )3 /2 fl/myH)
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(5.50)

(p) () +h(t)( Y #)(p) () (p fl]((l)jrlzmeP
(5t/5SPl +]t/fl/ /55Pm +kt’fl/m’ fSpl/+]fl/ ’ JrPSP7”/+kﬂ/ ’ +P
Eo " B T Nu Ty
Tob—1Ny11—-1T41—-1
_ o (D) () (v+1)
=38 (”flm ) X X X Oftim
=0 I'=0 m'=0
(5.51)

(tt")(n)
X () (p) )(p)
f5p1'+jﬂ,mf’ +Pspm/+kﬂ,m’f +PI4+Pm+P

For backpropagation from conv to conv
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Too—1Fy =1 Ny 1T, 1—1 g ) (v +1)
PO, s Sl I ol (T S
FI4+ Pt P @) Cfr+Pm+P

P=0 f=0 I'=0 w'=0 ddgj,

Tob—1F41=1Nyy1—1Ty41 -1 F 41 =1 Rc—1Rc—1

- L X X L ZZZ®W

P=0 f'= = m'=0 f'=0 j=0 k=0
3 )l(n) Ky (W) £E)+1)
"l 4jm'+ 1) (v ) (v+1
X —ah( )(1/+1) / (aflm ) (Sf’l’—i—Pm’—i-P ’ (552)
FI+Pm+P

SO

1F4+1—=1Ny11—1Ty41—1Rc—1Rc—1

mb
]((?+(P)m+P “Yj(r g (ﬂj(rt V) t;) Z Z Z Z Z ®f]k f’l’:ljni)—i—P

/ l/ m/ 0 ]

( ") (n) ~(f)(”)

I+P m+P Tman T,

) (O Tob—=1F+1=1Ny41—-1T)41—1 Rc =1 Rc— \(v+1)
=8 (aflm ) ,Z f/z l/z Z Z Z 5f’l’+Pm’+P
t'=0 0

><®(

oL (5.53)

+jm'+kI+Pm+P ’

and for backpropagation from conv to pool (taking the stride equal to 1 to
simplify the derivation)

Tob—1F/41—1Ny41—1T,41— 180( )(V+1)

f''m’ (t')(v+1)
flm Z Z lgo Z_ oI Ot s p
=0 m'=0  Odcp,,

(t)(v+1)
Tb—1F41—=1Nyy1-1Ty 41 -1 F 41 —1Rc—1Rc— 1@ f”l’+]m+k5( Nwe)
= ). Z Z Y X Z Z [ K O] O P +p
#=0 f=0 I'=0 m'=0 f"=0 j= ahfl+Pm+P
| Fa 1R 1R
t)(v+1)
Z Z )n O 6 msap (5.54)

And so on and so forth.
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5.C Weight update: details
Fc to Fc
Twp—1FE-1 £ 9@ Tp—1
e@)f _ 1 [ (B)(m) s(H)(v) _ (t)(v), (£)(n)
A, = — Yo O = ) vy . (5.55)
/ Tinb t_zo f;O fwz_o 8@53”‘ e t_zo / /
Fc to pool
mb ™ FV -1 1% Nv Tv (13)f//
A@/(Z)f: LTil .i i Z-El il a®f/// i h(//)/( )Pk/ P(S(i/)(v)
f'j Tmb =0 fr'=0 f'=0j'=0 k'= a®§”])]{ f"j'+Pk'4-P” f
Z ‘5 f’]+Pk+P (5.56)

and for conv to conv

Tob—1Fy1 =1 Typ1 =1 Nyyg— 18

(t

g (t

f]k 1§) f;o l;) mZ:;o BG);/;J; f
Tob—1F1—-1T, 4 1—1Ny 1—1F1—1Rc—1Rc— 1a®( )f”

i 2N VD M D D D i

t=0 f7=0 I=0 m=0 fr=0 j'=0 K'=0 8®},)jfk
(t)(n) (t)(v)

XY 1 selsjr Semrk O fr 14 msp
Tmp—1Ty+1—1Ny1—-1

(t)(v)
;0 ZZO Z yf’scl+]scm+k‘5fl+13m+p (5.57)

)(v
']

)

)W)
"1+Pm+P

similarly for conv to pool and conv to input

1Ty11—1Nyy1—

Tmb
©(o t
A ’5" ' Z EO m; hf’ Scl+j Scm—&-k(sj(f W mep (5.58)
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5.D Coefficient update: details

(5.59)

(5.60)

Fc to Fc
Typ—1Frs1—1 9g'H (v +1) Ty~ 1 Fri1—1
(n) _ f! J(v+1) (1) (v+1)
R IP M e VDV A
- - f
T~ 1 Fri1-1 aa(”("“) Typ—1 Fri1—1
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fc to pool and conv to pool
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conv to conv
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5.E Practical Simplification

(5.61)

(5.62)

(5.63)

(5.64)

(5.65)

When implementing a CNN, it turns out that some of the error rate com-
putation can be very costly (in term of execution time) if naively encoded. In
this section, we sketch some improvement that can be performed on the pool
to conv, conv to conv error rate implementation, as well as ones on coefficient

updates.
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5.E.1 pool to conv Simplification

Let us expand the batch normalization term of the pool to conv error rate
to see how we can simplify it (calling the pooling the p’th one)

Tb =1 Nyp1—-1Tpq1— / v
i =78 () KX X e

=0 1I'=0
+h(t')( ) ;,( )(n)

I+Pm+P
Plur]t/f)l/ /55Pm +k£,}2l, r fSp l’—&-]](q,)(,)—&-PS m +k)(c v f e

t l TmanTn

(5.66)

Numerically, this implies that for each ¢, f,I,m one needs to perform 3 loops
(on #,I’,m"), hence a 7 loop process. This can be reduced to 4 at most in the
following way. Defining

mb 1N1/+1 1Tv+1

2 2 2 5f’;’,m:““, (5.67)

/

and

Trp— 1Nerl 1T1/+1

@ _ J(v+1)7 () (n)
e = Y. ) Z fl/m/ (t)(p) )p), p”’ (5.68)

t'=0 1'=0 fS ll+]fl/ ! +P Spm’ +kfl/ i
we have introduced two new variables that can be computed in four loops, but

three of them are independent of the ones needed to compute (5}2151/). For the
last term, the ¢ functions "kill" 3 loops and we are left with

v~ Tva - / Spl'+j7) Spm’'+k7)
t 5 (£)( Z Z () +1 pl'+j), Iyl PP T
(SJ(CZ)”EU) - ,),j((”)g (a " ) { fl’m:/ o O o

m'=0

t
_ u;>+u;>h;zfgm+p}

5.69
TrbNn Ty (569)

which requires only 4 loops to be computed.
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5.E.2 Convolution Simplification

Let us expand the batch normalization term of the conv to conv error rate
to see how we can simplify it

Tmb—1F+1—=1Ny11-1Ty11—1 Rc—1 Rc—1

5j(fl)rr(z) J(f)g (}2&”) Z Z Z Z Z Z®f]k Flm! VH)

F=0 f'=0 [I'=0 m'=0 j=
7 (t)(n)  g(t)(n)
5f 51 i gm+ Lt by kg 1 p (5.70)
[+P"m+P TmanTn :

If left untouched, one now needs 10 loops (on ¢, f,1,m and t', f',I',m’, ], k) to

compute j(cl)(v) I This can be reduced to 7 loops at most in the following way.

First, we define

Fyy1—1Rc—1Rc—1 N(v+1)
flm Z 2 Z ®f]k f’l+P jm+P—k "’ (5.71)

which is a convolution operation on a shifted index §(V*1). This is second most
expensive operation, but libraries are optimized for this and it implies two of
the smallest loops (those on R¢). Then we compute (four loops each)

Rc—1Rc-1 3) Tob—1Nyy1—1Tyy1— Nwt)
ff/ - Z Z ®f]k 4 )\f’ = tzo ZZO ZO (S /l/ / ’ (572)
I— I— m

and (2 loops)
Yy AAR (5.73)
0

Finally, we compute

(5) Top =1 Ny11—-1Tp1— +1 t’ ( )
1/ ~
/\ff/jk Z:O Z Z f’l’m/ hfl’+]m/+k ’ (574)
tl
F—1 RC 1 RC 1

Z Z Z®f]k ff’]k (5.75)

/\}6) only requires four loops, and A](,‘?, i is the most expensive operation. But it

is also a convolution operation that implies two of the smallest loops (those on
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Rc). With all these newly introduced A, we obtain

AW 2O 1))

+A
OION NG I AR i e ae

t)(v ~(n
‘5}137(1): J(f)g/ (”

which only requires four loops to be computed.

5.E.3 Coefficient Simplification

To compute

Tob—1 Fy1 =1 Nyj1—1Ty31 -1 Rc—1 Rc—

Z Z Z Z Z Z ®f]k fz+]m+k‘5,(”;r(;/+l) (5.77)

Trp— 1Fv+1 INy41-1T)41— 1Rc 1Rc—

-L L L L L Z% S (5.78)

we will first define

mb 1N1/+l 1Tu+1 (V+1 mb— 1N1/+1 1T1/+1 V+1
f/f]k Z Z Z hfl—l—]m—l—k f'lm ’ f’ - Z Z Z f’lm ’

(5.79)

so that

Fy41=1Rc—1Rc—

}: )3 Z vh @0 (5.80)

j=0
Fyy1=1Rc—1Rc-1

Z Z Zv, f]k , (5.81)

5.F Batchpropagation through a ResNet module

For pedagogical reasons, we introduced the ResNet structure without "break-
ing" the conv layers. Nevertheless, a more standard choice is depicted in the
following figure
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Output

Figure 5.31: Batchpropagation through a ResNet module.

Batchpropagation through this ResNet module presents no particular diffi-
culty. Indeed, the update rules imply the usual conv to conv backpropagation
derived in the main part of this note. The only novelty is the error rate update
of the input layer of the ResNet, as it now reads (assuming that the input of
this ResNet module is the output of another one)

Top—1F1—1Ny 11T, 1 9w +1)
5O0) S S S S LA T
fl+Pm+P 9 () “fV+Pm'+P
F=0 f=0 Ir=0 m=0 g,

Tb—1Fy43—1 Nyjp3—1Ty43—-1 aa(t,)(v+3)
f/l/m/ (t/)(V+3)
' t’ZO /Z ; T W(Sf’l’wmurp
=0 f'=0 I'=0 m'=0 Fim

Top—1Fyp1—1 Nyy1—1Ti1—1 Re—1 Re

:g/<aj(‘tl)nl1/)) YooY L XL X Z f’l’—lijljni—l—P

F=0 f=0 I'=0 m'=0 j=0
(o) f" 7(tt")(n) (t)(v+3)
X ®f]k ]fl’+]m 'ikl+PmtP T (5fl+]1/3m+P (5.82)

This new term is what allows the error rate to flow smoothly from the output
to the input in the ResNet CNN, as the additional connexion in a ResNet is
like a skip path to the convolution chains. Let us mention in passing that some
architecture connects every hidden layer to each others[19].

5.G Convolution as a matrix multiplication

Thanks to the simplifications introduced in appendix 5.E, we have reduced
all convolution, pooling and tensor multiplication operations to at most 7 loops
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operations. Nevertheless, in high abstraction programming languages such
as python, it is still way too much to be handled smoothly. But there exists
additional tricks to "reduce" the dimension of the convolution operation, such
as one has only to encode three for loops (2D matrix multiplication) at the end
of the day. Let us begin our presentation of these tricks with a 2D convolution
example

5.G.1 2D Convolution

Bt R lrllput Convolution Layer Weight Output Convolution Layer
C C
P > }I/SclJerCnH»k X 6)jk: = Aim
Jj=0 k=0
e
\I P
T+2P§ . T,
NP
;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;
N +2P
H
NP NP
2
RC u
N, x T, . N, xT,|e
p X 1p . p X 1Lp|e
NP NP
=
2
RC

Figure 5.32: :2D convolution as a 2D matrix multiplication

A 2D convolution operation reads

Rc—1Re—1

Ay = Y Oihisciijsemik - (5.83)
=0 k=0
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and it involves 4 loops. The trick to reduce this operation to a 2D matrix
multiplication is to redefine the & matrix by looking at each / indices are going
to be multiplied by ® for each value of | and m. Then the associated h values
are stored into a N,T, x R% matrix. Flattening out the © matrix, we are left
with a matrix multiplication, the flattened © matrix being of size RZ x 1. This
is illustrated on figure 5.32

5.G.2 4D Convolution

Input Convolution Layer Weights Output Convolution Layer

F—1 Rc—1 Re—1
(t) ! — (t)
on ]go /,Z::[) hf’ Scl+j Scm+k X @f/]k - aflm

7 Thp times
Re . .
L F,
Ty, times 777,ﬁ;;?—/
T+2P E K ’
Np
N, x T,
RLF | |
Ty X Ny X T E 5 T X N, x T,
F, ||
N, x T,
R F F,

Figure 5.33: 4D convolution as a 2D matrix multiplication

Following the same lines, the adding of the input and output feature maps
as well as the batch size poses no particular conceptual difficulty, as illustrated
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on figure 5.33, corresponding to the 4D convolution

F,—1Rc—1Rc—1

f t
flm fzo Z Z © "ik f’SCl+]SCm+k (5-84)
! ] :

5.H Pooling as a row matrix maximum

Input Convolution Layer Output Convolution Layer

= (t)
aflm

T times

T times
T+2Pf T,
i Np
N +2P
i
F x N, xT,
Tup X F X Ny xT,| 3 | Top X F X N, x T,
N, x T,

R

Figure 5.34: 4D pooling as a 2D matrix multiplication

The pooling operation can also be simplified, seeing it as the maximum
search on the rows of a flattened 2D matrix. This is illustrated on figure 5.34

aj(fl) = ﬁai %a; h( )

j=0 k=0 J[SPI+jSpmtk (5.85)
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6.1 Introduction

1
M D

n this chapter, we review a third kind of Neural Network architecture:
Recurrent Neural Networks[6]. By contrast with the CNN, this kind
of network introduces a real architecture novelty : instead of forward-
ing only in a "spatial” direction, the data are also forwarded in a new
— time dependent — direction. We will present the first Recurrent Neural Net-
work (RNN) architecture, as well as the current most popular one: the Long
Short Term Memory (LSTM) Neural Network.

6.2 RNN-LSTM architecture

6.2.1 Forward pass in a RNN-LSTM

In figure 4.1, we present the RNN architecture in a schematic way



6.2. RNN-LSTM ARCHITECTURE 79

RBA0) | (A | ) | p@3) | @) | @) | e || (47
EYJpN0 A R A A T
@T I I I I I I
1(30) |t (BL) 1 1(82) | }y(83) |1 [ (34) || y(35) [—| ;(36) || 1, (37)
oE) @Tf(z)

1,(20) ,v" p(21) ,v" 1(22) ,v" 1,(23) ,v" 1,(24) ,v" 1,(25) ,v" 1,(26) ,v" 1(27)
@@ | grm ! ! ! ! ! !

p0) - Lpan L [pa [ T an | [pas [ pae | pa2)
v | | 5 5 5 5 5 5

1O0) | | pO) |1 [ p2) |1 R03) | [0 |1 [ p05) |1 [ p06) ||| (07)

Figure 6.1: RNN architecture, with data propagating both in "space" and in
"time". In our example, the time dimension is of size 8 while the "spatial" one

is of size 4.

The real novelty of this type of neural network is that the fact that we are
trying to predict a time series is encoded in the very architecture of the net-
work. RNN have first been introduced mostly to predict the next words in a
sentence (classification task), hence the notion of ordering in time of the pre-
diction. But this kind of network architecture can also be applied to regression
problems. Among others things one can think of stock prices evolution, or
temperature forecasting. In contrast to the precedent neural networks that we
introduced, where we defined (denoting v as in previous chapters the layer

index in the spatial direction)
. : t
aj(f)(v) = Weight Averaging (h})(y)) ,

hj(,t)(vﬂ) = Activation function (aj(f)(v) ) , (6.1)

we now have the hidden layers that are indexed by both a "spatial” and a
"temporal" index (with T being the network dimension in this new direction),
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and the general philosophy of the RNN is (now the 7 is usually characterized
by a c for cell state, this denotation, trivial for the basic RNN architecture will
make more sense when we talk about LSTM networks)

cft)(w) = Weight Averaging (hj(f)(w_l),h}t)(v_h)> ,
h ft)(w) = Activation function (Cft)(w)> , (6.2)

6.2.2 Backward pass in a RNN-LSTM

The backward pass in a RNN-LSTM has to respect a certain time order, as
illustrated in the following figure.

h (40) h (41) h (42) h (43) h(44) h (45) h (46) h (47)

1(30) K (31) 1(32) K (33) 1 (34) K (35) 1(36) 1 (37)

1(20) K(21) K (22) K (23) K (24) K (25) 1 (26) K(27)

h(lO) h(ll) h(12) h(lS) h(14) h(15) h(16) K(17)

1,(00) 1(01) 1(02) 1,(03) 1,(04) 1,(05) 1,(06) 1,(07)

Figure 6.2: Architecture taken, backward pass. Here what cannot compute the
gradient of a layer without having computed the ones that flow into it

With this in mind, let us now see in details the implementation of a RNN
and its advanced cousin, the Long Short Term Memory (LSTM)-RNN.

6.3 Extreme Layers and loss function

These part of the RNN-LSTM networks just experiences trivial modifica-
tions. Let us see them
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6.3.1 Input layer
In a RNN-LSTM, the input layer is recursively defined as

(H(0T+1) _ (7(H(07) 1 (H(N-17)
n _(hf i ) 6.3)

H((07) L (D(07)

where h f f with the first time column removed.

6.3.2 Output layer
The output layer of a RNN-LSTM reads

Fyo1—1
h} — ( 2 @ J(N- “)> , (6.4)

where the output function o is as for FNN’s and CNN's is either the identity
(regression task) or the cross-entropy function (classification task).

6.3.3 Loss function

The loss function for a regression task reads

2
( (t)(NT) _y]((t)(f)> ) (65)

b= 1T—
o - £ E
and for a classification task

J(©) = — > Y 0 In () 6.6)

6.4 RNN specificities

6.4.1 RNN structure

RNN is the most basic architecture that takes — thanks to the way it is built
in — into account the time structure of the data to be predicted. Zooming on
one hidden layer of 6.1, here is what we see for a simple Recurrent Neural
Network.
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R

h(u T—1) h(V T)

\ei’/

h(u—l T)

Figure 6.3: RNN hidden unit details

And here is how the output of the hidden layer represented in 6.3 enters
into the subsequent hidden units

\‘;’_‘f/

Q-17)

Figure 6.4: How the RNN hidden unit interact with each others

Lest us now mathematically express what is represented in figures 6.3 and
6.4.
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6.4.2 Forward pass in a RNN

In a RNN, the update rules read for the first time slice (spatial layer at the
extreme left of figure 6.1)

F,_ -1
hj(f)(”) = tanh < ) @;,(V)fh](f/)(Vh)) ’ (6.7)
f'=0
and for the other ones
(1)) I vwf, (-1, RS Qrf, 0er-)
hf = tanh ( fgo ®f’ hf/ + fgo ®f, hf, ) . (6.8)

6.4.3 Backpropagation in a RNN

The backpropagation philosophy will remain unchanged : find the error
rate updates, from which one can deduce the weight updates. But as for the
hidden layers, the 6 now have both a spatial and a temporal component. We
will thus have to compute

(Hwr) _ 9
5f = W]((a) , (6.9)
f
to deduce
Oindexf 0
7 = g (©), (6.10)

where the index can either be nothing (weights of the output layers), v(v)
(weights between two spatially connected layers) or T(v) (weights between two
temporally connected layers). First, it is easy to compute (in the same way as
in chapter 1 for FNN) for the MSE loss function

H(N-17) _ 1 (Nt ()(1)
a8 L () an

and for the cross entropy loss function

HiN-1) _ 1 N of
s =7 (n o) (6.12)
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Calling
(H(vr) _ (H(v)\?
7 _1—(hf ) , (6.13)
and
#Y(vt)a Y (v+11) a(v+1) f
Mg =T, ¥ , (6.14)

we show in appendix 6.B.1 that (if T 4 1 exists, otherwise the second term is
absent)

T 1 1
(t)(v—11) (tt")( () (v—eT+e€)p o(t')(v—eT+e)
g - Eb e;() =0 iy ’r - oD

where by = v and b; = 7.

6.4.4 Weight and coefficient updates in a RNN

To complete the backpropagation algorithm, we need

A apr, A, A, apve (6.16)
We show in appendix 6.B.2 that
v )f _ N R ) 5w 1m), () (v-17)
A = 2 T ) g , (6.17)
=0 ¢t=0
rf _ N R (00m) 50 (-1 () (1)
A = Y. T; J: I , (6.18)
=1 t=0
—1Tp—1
A=y R ON-10 50 (N-17) (6.19)
f =0 t=0 f f
Twb—1 1 Fy1——1
(vt) (t'") (v—eT+e€)p, —eT+
Aff Y= ) Z Y., Hep "5},)(" ewte) (6.20)
t=0 e=0 f'=0
A}(vr) _ Trp—1 fl;f)(VT) iPyHe_l ](ff,)(v €T+€)b€5},)(V*€T+€). (6.21)

=0 e=0  f/=0
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6.5 LSTM specificities

6.5.1 LSTM structure

In a Long Short Term Memory Neural Network[7], the state of a given unit
is not directly determined by its left and bottom neighbours. Instead, a cell
state is updated for each hidden unit, and the output of this unit is a probe of
the cell state. This formulation might seem puzzling at first, but it is philosoph-
ically similar to the ResNet approach that we briefly encounter in the appendix
of chapter 4: instead of trying to fit an input with a complicated function, we
try to fit tiny variation of the input, hence allowing the gradient to flow in a
smoother manner in the network. In the LSTM network, several gates are thus

(5)(v)

introduced : the input gate i f determines if we allow new information

g}(f)(”) to enter into the cell state. The output gate oj(f)(m)
set or not the output hidden value to 0, or really probes the current cell state.
vT)

Finally, the forget state f}t)( determines if we forget or not the past cell state.

determines if we

All theses concepts are illustrated on the figure 6.5, which is the LSTM coun-
terpart of the RNN structure of section 6.4.1. This diagram will be explained
in details in the next section.

h(I/T) h(uT) h(VT) h(VT)

h(u—l T) h(u—l T) h(l/—l T) h(z/—l T)

Figure 6.5: LSTM hidden unit details
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In a LSTM, the different hidden units interact in the following way

Figure 6.6: How the LSTM hidden unit interact with each others

6.5.2 Forward pass in LSTM

Considering all the T — 1 variable values to be 0 when T = 0, we get the
following formula for the input, forget and output gates

F,_q1—1
(D (vr) _ V)f (=17 V)fy (Hvt=1)
i; =0 fZO @f, I ) 4 Z ®f, I ) , (6.22)

F,_1-1
O _ z oW 4 ZO@ fh“(”—”) , (623

f/
Hr) szl b o )f (-1 Z Wfp (B T-1)
vT) v—11) vT—
Of =0 f/ ®f/ hf/ —l_ O@/ hf/ > . (6.24)

The sigmoid function is the reason why the i, f,0 functions are called gates:
they take their values between 0 and 1, therefore either allowing or forbid-
ding information to pass through the next step. The cell state update is then
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performed in the following way

F,_1—-1 E,—
gj(ft)(vr) — tanh ( Z %t J(v=17) | Z @5 Wf )(vr—1)> . (6.25)

T N
VT VT vT—1 (t)(vT vT
c}t)( ) _ f}f)( )C}t)( )Jr zj(f)( )g}t)( ) ) (6.26)

and as announced, hidden state update is just a probe of the current cell state
B = o0 anh (C}t)(VT)> . (6.27)

These formula singularly complicates the feed forward and especially the
backpropagation procedure. For completeness, we will us nevertheless care-
tully derive it. Let us mention in passing that recent studies tried to replace the

tanh activation function of the hidden state hj(f)(”) and the cell update g}t)(”)

by Rectified Linear Units, and seems to report better results with a proper
initialization of all the weight matrices, argued to be diagonal

f f 6
®f,(1n1t) 2(5f, ( o Pout) , (6.28)

with the bracket term here to possibly (or not) include some randomness into
the initialization

6.5.3 Batch normalization

In batchnorm The update rules for the gates are modified as expected

val_l .
ij(f)(”): o Y e fywetn Z @f, fy<f><”1>> , (6.29)

A O Yy 7
F, -1

v = ¢ f;o Oy 4 Z oy ””) , (630)

wn) _ (R o o)f (0-10) F”‘l 0 (—V)f , (D(wT-1)

o =0 f;o % My +f;0 Cj Vi > , (6.31)

F,_1—-1 v
g}({t)(v‘t) :tanh< i @S (v)f (H(v-17) +le@gT<—v>fy<f><VT—1>) . (6.32)
f'=0
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where
yj(ft)(vr) _ ,)/J(CVT)EJ(f)(VT) + ‘B;VT) , (6.33)
as well as
) h(t)(VT) _ fl(vT)
h}”(”) _ 1 f (6.34)
(O(UT)>2 +€
f
and

1

FT T, B 7

Tmp—1 T —
sty 1R () w2 1 R
AT R e I Dl (U ‘

R 2
(h(t)(”)—h(”)) . (6:35)
mb  t—(

It is important to compute a running sum for the mean and the variance, that
will serve for the evaluation of the cross-validation and the test set (calling e
the number of iterations/epochs)

], - T
2
Var [h](f)(”)LH _ eVar [h}t)(vefﬂ 614_ ("J((UT)> 657

and what will be used at the end is [E [hj(f)(w) } and Ti;“il\/ar [h(t)(w)} .

6.5.4 Backpropagation in a LSTM

The backpropagation in a LSTM keeps the same structure as in a RNN,
namely

mw-17) _ 1 1 mwn @)
J =T (15 v (6:38)
and (shown in appendix 6.C.1)
Tmb 1 Fu+1—e_1
(tH(v—11) (t') (vT) (") (v—eT+€)pe () (v—eT+e€)
o _Eo It ;O fgo M 5 . (6.39)
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What changes is the form of H, now given by

HOWD _ o4 Df o(O+17) | gfat+)f £(0(v+17)

ff f f’ f f!
2a(v+1)f ~(t) (v+1T) za(v—&—l)f’ (t)(v+17)
+ 6% ot NCTARE . (6.41)

6.5.5 Weight and coefficient updates in a LSTM
As for the RNN, (but with the H defined in section 6.5.4), we get for v = 1

T-1 Tmb_1
Afﬁ( vf _ Z Z pJ(CVT)(f)(SJ(CVT)(f)hJ(;//—lf)(f) . (6.42)
=0 t=0
(6.43)
and otherwise
T— 1Tmb 1
Apl/ Z Z ,0 )yj(;//—lf)(f) ) (6.44)
P}VT)(t)(SJ(cVT)(t)]/J(:// 17)(¥) ) (645)
rit & et (05670 D0
=1 t=0
B Tnil i Fypq- e_lH( )(V €T+€)b55( )(V—€T+€) (6 47)
t=0 e=0 =0 /7 f ’ .
Tob—1 1 Fyi-e—1
y(vt) (v1) (t)(v—eT+e)pe o(t)(v—eT+e)
Ap = t;O 3 ;0 f,ZO Hyp o '

(6.48)
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and
FoN R vt (v
N = Z Z Y ) . (6.49)
=0 t=0
Appendix

6.A Backpropagation trough Batch Normalization

For Backpropagation, we will need

5y 0) OIS
y(t)( F =7~ (6:50)
ah vT ah vT
f f
Since
ah(f/')(”) o afl(yT) 5f/
S =dlsl, ! f. (6.51)
ah( )(v) ah( )(v) Tnb
f f
and
A (VT) f
2 (o37)" _ 25 (n00 ) 652)
ah}”(’”) Top N/ £l '
we get
7 (1) (vT) f! / #)(vt) _ 7 v7) (Hvr) _ 7 (vT)
o Ji Twdf =1 (1 ™) (v ™)
ah(t)(VT) Tmb A(VT) 2 2 A(VT) 2 2
((af > +e) ¥ ) -I—e)
f! 7 (1) (vT) 7, (8) (vT)
5 I N AL
_ f : lag __ - f ] . (6.53)
mb
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To ease the notation we will denote

) Y
7 = f - (6.54)
A (vT) 2 2
(( ) “)
so that
(#) () (1) (D) 7, (D) (v7)
Wp g |y - (6.55)
oH FooF | T : :

This modifies the error rate backpropagation, as well as the formula for the
weight update (y’s instead of /i’s). In the following we will use the formula

1 Jr;l(f’)(w);l(t)(vr)
(t)(vt) _ ~(v7) st — f f _ 6.56

6.B RNN Backpropagation

6.B.1 RNN Error rate updates: details

Recalling the error rate definition

(Hwr) _ 0
Oy = W](G) , (6.57)

f

we would like to compute it for all existing values of v and 7. As computed
in chapter 4, one has for the maximum v value

f — T\ f

Now since (taking Batch Normalization into account)

sw-10) _ 1 (hm(Nr) ymm), (6.58)

Lo _ (5 of  (N-1)
; =ol ) Oy , (6.59)
f=o
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and
v—=17" 1 1 = !
h}ﬂ( tanh< Z ®f/ / Y 6;’(”)%(5)(”_ )> Sl
we get for
_ (#)(N7)
020 _ ¥ erl Mﬂ—‘sf(f)(N_m
sy (N1 S
- (#)(N—17t+1)
) Fy-_1-1 (Shf'—(s(f/)(N_ZTH) (6.61)
E=t 5h]([t)(N—1T) f

Let us work out explicitly once (for a regression cost function and a trivial
identity output function)

R e S
éhj(ct)(N—lr) = " 5h}(c)(N—1r)
=of Y. (662)
as well as
(') (N=1t+1) (#)(N-17)
5hfl<><—> = |1~ (h}t'/)(N_hH))z] Zl o5 féyfm—>
S NIt ~ shi N1t
f f
:7}/f/)(N—17+1)®f( nf ]} (N-17) (6.63)
Thus
Tinb , Fy e
5}({@(1\1727) _ ]]((tt)(Nflr) [ Z @j‘( 5}/)( ~11)
=0 f'=0
Fy-1—1 , / /
Ly 7}/t)(N—1T+1)®JT((N—1)f (5}1;)(N—27+1) _ (6.64)
f=0
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N—27+1)

Here we adopted the convention that the § (#( sare0if tT=T.Ina

similar way, we derive forv < N —1

v+1 1
(v—11) (") (vT) () (v+17) Qv+ f () (vT)
2] LZ 7 ey &
n VZ T(/t’)(errl)@jTr(v)f’ 5}(5)@1#1)] . (6.65)
f=0
Defining
TWIWND _q o' Nf — of (6.66)

f

the previous W1 formula extends to the case v = N — 1. To unite the
RNN and the LSTM formulas, let us finally define (with a either T or v

f f

Hj(rt]:/) 7}# v+1r)@;(v+1)f' , (6.67)

thus (defining by = v and b; = 1)

1 Fv+1—€

(v—11) Z ] (tt") (vT) Z Z ,H](rf/)(v er+e)be(5}/)(v—er+e)_ (6.68)
e=0 f'=0

6.B.2 RNN Weight and coefficient updates: details

We want here to derive

v d d
A = 221 (0) M = @) (6.69)
a®f/ a®f/

We first expand

_ (t)(vT)
A]/El/)f _ 21 F]/ 1 Tmb 1 ahf// 5(1/./)(1/_11_) /
f =0 f'=0 t=0 0@ ff iy

T— 1Fv 1Tmb 18h()( )

T(v)f f" (H)(v—17)
AT = s , (6.70)
/ 'L'ZZ()f;O t:zo a@f/( nfs
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so that
T—1 Tmb_1
v(v)f _ () (v) o(t)(v—=17) (t)(v—17)
Apt = L T Ty
=0 t=0
T—1 Tmb_
T(v)f _ () (v7) s()(v=17), () (vT—1)
Af/ — T §f hf/

(|
Il
—
-
Il
o

We also have to compute

d

f
00 f

f_
N, =

—J(9).
We first expand

T—1 Fy—1 Typ—1 g ) (NT)

M=y Y Y

(H)(N-11)

=0 f"=0 =0 E)@;, o
so that
fo AR -1 () (N-10)

) . (<)
aﬁ‘l/ a,)/ vT
f f
First
. (5(u+17) POy
NG _T“il MR wen R etee)
f =0 _f’:O a,BJ(rVT) f F=0 aﬁ}m—') f
_ () (v+11) (t)(vT+1)
PG Sl I S AT T Sy RPTIITEL
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(6.71)

(6.72)

(6.73)

(6.74)

(6.75)

(6.76)

(6.77)
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So that
NG Tr‘fl F”*i_l THOA17) gru41)f 500 (w0
Fo= L Ji f Ji
=0 | f=o
Rl 1 ! 1741
5 g st >] , (678)
=
R T“i ! F”*i_ |10 QU O 40 )
;o= Ji 1 i
(=0 | f=0
F -1 .
4 Z 7}/t)(vr+1)®;(v)f hj((t)(vr)éj(ff)(vlr+l)] ) (6.79)
=
which we can rewrite as
Top—1 1 Eypqc—1
A]é(w) _ Z Z H}({?/(v—eﬂ—e)beé](;)(v—er—i—e) ) (6.80)
t=0 e=0 f’:0
Tmb_l 1 Fv-&-l—e*l
2(v7) (1) (1) (1) (v—eTe)ye () (v—ette)
AT = e Y. M O . (6.81)
t=0 e=0 f=0

6.C LSTM Backpropagation

6.C.1 LSTM Error rate updates: details
As for the RNN

HN-17) _ 1 N ()
o _T—mb(hf v ) (6.82)

Before going any further, it will be useful to define

() _ (HD) 2 ( (DD L OED(H0T) (1 _ (HED)
If =0y <1 tanh (cf ))gf s (1—1f ) ,
(H(ve) _ (O 2 ((HEDYY (HT=1) (B T) (H(v7)

F = o) (1 —tanb? ()07 ) ) PTHAN (1= 000
(H(ve) _ (H(vT) 2 (DD (D7) ()(v7)

607 = o7 (1~ tank? (¢f) 7)) 09 (1= (57+7)) (68
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and

HOED: _ guuv+)f n(O+17) | @fav+)f £ () (+17)

ff f f f 4
n @ia(vﬂ)f gj(rf)(v—i—lr) n ®}a(v+1)f I}f)(vﬂf) . (6.84)

As for RNN, we will start off by looking at

Top |Ey—1 ghINT)

sHWN=27) _ y f' sEIN=17)
f , : H(N=17) °f’
#=0 | f'=0 Ohy;
Ey_1-1 g (N-1T+1)
' (') (N—27+1)
T s (O(N=17) Op (685

f'=0 f

We will be able to get our hands on the second term with the general for-
mula, so let us first look at

oy v
/ . Tt —1t
5hj(rt)(N—1T) =0 J; ’ (6.86)

which is is similar to the RNN case. Let us put aside the second term of

(SJ(f)(N_ZT), and look at the general case

Top |Fror—1 g0 +10) F1 gy

sO=17) _ f! 5(€/)(VT)+ f! 5(5’)(V—1T+1) )
! Eo fg() onee =N
(6.87)
which involves to study in details
) (v+11) (t)(v+17)
5hf’()( ) :‘5"f'()( — fan 017
t) (vt t)(vt !
5hf (5hf
5C(t/’)(v+1r) / /
+Wa§f,>(”+ 17) 1—tanh2c§f,)(”+ “>] . (6.88)

f
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Now

(t") (v+171) _
e f = S0
_ oD [ ol)(e4171] @le ) )0 (6.89)

and
() (v+1T) () (v+17)
ocp _ oty () w1y | 08y () (v417)

Bn o O SF B S
oh oh oh

(t)(v+171)
Iy v (6.90)

() ~f
(Shf

_|_

We continue our journey

5ig e () (417)] o (1) f 1 (88) (v7)
/ (1T () (1T iy(v+1) " () (vt
5h](f)(v_f) = i T [ et

5ff/ )(v+17)

(t) (vt
5hf

8 B (') (v4+17) (V1) f (1) (v7)
e [1 ~ () ey, (691)

7

Jw+1t) [ Yv+1T)] v (v f (#) (vT)
= £ L= g eI,

and our notations now come handy

oh) ) D)
/ Hvt)y
—5;1](,”(”) —]f ff, ) (6.92)

This formula also allows us to compute the second term for 5}(:)(1\]—21). In a

totally similar manner

(t)(vT+1)
(5hf’ (#')( ) () (v=174+1)7 ' (6.93)

D0 =1
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Going back to our general formula

(v—11) Z]ftt vT) [ Z 1/1' V& ) (vt)

+ Z 1/ 1t+41) Téj(w)(v—l'r—l—l)] ) (6.94)

and as in the RNN case, we re-express it as (defining by = v and by = T)

v+1 —€

(v—11) Z ] (#')(v7) Z Z Hj(rf/)(v eTJre)be(S}/)(v—eH—e) . (6.95)

This formula is also valid for v = N — 1 if we define as for the RNN case

(#)(N7) _ VN of
Hi =1, oM =@, (6.96)
6.C.2 LSTM Weight and coefficient updates: details
We want to compute
A Z 8 A0 29 e 697)
f 00" w)f f 90°r w)f ’ ’
f f!
with p = (f,1,g,0). First we expand
T—1F,—1Typ—1 ah(VT)( )
Py _ g d
B =L b b gen) (©)
f f! f
—1Fy—1 Tpp—1 ah(VT)( )
f" (vo)(t)
; ZO L 07 i (6.98)

so that (with p'™) = (F,Z,G,0))if v =1

lTmb 1
At 2 Z oy WOyt (6.99)
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and else

D DD DI A (6.100)
=0 t=0
T-1 Tmbf1

A?( f _ y ) pj([w)(t)(gjgvr)(t)y}g?l)(f) . (6.101)
=1 t=0

A = (@) A = 2 (@) (6102)
opy oy

For that we need to look at

) Fyiq—1Typ—1 ah}(://—s—lr)(t )5(1//7)(#) +FV 1 Tp—1 ahj(:l//r+1)( )5(1//—11’—}—1)(1’/)

/ =0 =0 aﬁf” / F/=0 #=0 aﬁfw /
Tp—1 (Fy1-1
Z { Z H vr f/ (vt) + Z v 17+1) J((/)(VT-‘Fl)} . (6.103)
t=0

and

T 1y [ B! 1T41) 5 () (v—17+1)
T VT VT V T vV—I1T

(6.104)
which we can rewrite as
Top—1 1 Fv+17€_1
A?(VT) _ Z Z 7’[;-;),(1/ eTJre)be(SJ(”)(vfeTJre) ) (6.105)
=0 e=0 f'=0
T —1 Fyiqoe—
A}y(vr) _ fz(t)(”) t Ks 'H](c;),(v €T+€)he(5}/)(1’—€’f+€) ) (6.106)
t=0 e=0 /=0

Finally, as in the RNN case
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A, = -2_]O). (6.107)
We first expand

TlFN 1Tb 1ah()( )

f_ f (D(N-17)
A, = s (6.108)
f gféo t;() A
so that
N, —TZlTni PN s IN-D) (6.109)
=0 t= f f ' '

6.D Peephole connexions

Some LSTM variants probe the cell state to update the gate themselves.
This is illustrated in figure 6.7

h(u T) h(VT) h(u T) h(u‘r)

C(VT—I)

h(ur—l)
h(VT—l)

plvT=1)

h(ur—l)

pv=17) plv=17) plv=17) plv=17)

Figure 6.7: LSTM hidden unit with peephole
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Peepholes modify the gate updates in the following way

1}({ (i 1®f/ fh” 1) Z { fh VT 1)()+®f’( )f j(;//rn(t)D ,
(6.110)
(00 _ (5 @h 100 |, 8 [ghwreeno |, g ®f wene
f —(7< L of i ot oy D ,
! ! 6.111)
o) (”il@ﬂ 0 2 O3 HTI0 4 @ye) Jggr)(tq) ,
(6112)

which also modifies the LSTM backpropagation algorithm in a non-trivial way.
As it as been shown that different LSTM formulations lead to pretty similar
results, we leave to the reader the derivation of the backpropagation update
rules as an exercise.
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Chapter 7

sz Conclusion s~

e have come to the end of our journey. I hope this note lived up
to its promises, and that the reader now understands better how a
neural network is designed and how it works under the hood. To
wrap it up, we have seen the architecture of the three most common
neural networks, as well as the careful mathematical derivation of their training
formulas.

Deep Learning seems to be a fast evolving field, and this material might be
out of date in a near future, but the index approach adopted will still allow the
reader — as it as helped the writer — to work out for herself what is behind the
next state of the art architectures.

Until then, one should have enough material to encode from scratch its
own FNN, CNN and RNN-LSTM, as the author did as an empirical proof of
his formulas.
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