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Introduction
[e]e] le]ele]

Context

Where is Al?

Constat

@ The original Al was the General Al (1A forte)
@ Today 60 years after the Dartmouth meeting

o We have achieved some NIA results (IA faible)
o We can start thinking more seriously about GAI
o These are just the premises.

Gartner Hype Cycle for Emerging Technologies, 2017

gartner.com/SmarterWithGartner
b e Gartner.
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Introduction
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Context

At the heart of Al: Machine Learning (and Deep Learning)

Which algorithms to solve these tasks ? J

person

helmet
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Introduction
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Context

Machine Learning

What is it for?

@ Writing programs that solve a task while we don’t even know how to writre the algorithm
@ Where a program takes some input and produce a corresponding output

@ The program is learned from labeled data = pairs of (input, output)

What is it?

@ Algorithms that enable learning a function f : x € X — y € Y from a training dataset of
samples

@ The function must generalize well to data unseen at training time

@ x and y may be discrete, continuous, vectors, matrices, tensors, sequences ...
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Introduction
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Context

Main difficulty

Generalization
@ It is "easy” to learn models that are perfect on training data

@ But is is useless

Total Error

Variance

Oplimum Model Complexity

Error

Model Complexity
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Introduction

History of Neural Networks

Key dates

1943 : Formal neuron [McCuloch-Pitts]

1950 : Oragnization of neurons and learning rules [Hebb]

1960 : Perceptron [Rosenblatt]

1960 : Update rule [Widrow Hoff]

1969 : Limitations of the Perceptron [Minsky]

1980s : Back-propagation [Rumelhart and Hinton]

1990s : Convolutional Networks [LeCun and al.]

1990s: Long Short Term Memory networks [Hochreiter and Schmidhuber]
2006 : Paper on Deep Learning in Nature [Hinton and al.]

2012 : Imagenet Challenge Win [Krizhevsky, Sutskever, and Hinton]
2013 : First edition of ICLR

2013 : Memory networks [Weston and al.]

2014 : Adversarial Networks [Goodfelow and al.]

2014 : Google Net [Szegedy and al.]

2015 : Residual Networks [He et al.]
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Introduction

Deep Learning today

Spectaculary breakthroughs - fast industrial transfer

@ Images, Videos, Audio, Speech, Texts

@ Successful setting

Structured data (temporal, spatial...)

Huge volumes of datas

Huge models (millions of parameters)

Huge storage and computing resources (GPU, TPU)

T. Artidres (ECM - LIS / AMU )

VGGNet | DeepVideo
Ident g Image Ident g Video

@
i 2] ©

Output 1000 Categories 47 Categories French Text

Parameters
Data Size 2M Images with 1M Videos with |6M Sentence Pai
signed Category igned Category 340M Words
Dataset ILSVRC-2012 Sports-1M WMT"14
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Introduction

Machine Learning and Deep Learning today

Spectacular diffusion and activity
Machine Learning and Deep Learning Conferences sold out early
More attendees than ever seen in computer science conferences

Exponential growth

Semantic change in what Al means

Large Conference Attendance

— AAAI

/\ 1cAl

4000 RS
—— CVPR

ICML
— ICRA

2000
M e

1990 2000 2010

Attendees

Year
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Introduction

Machine Learning and Deep Learning today

Topics, trends and who's who?
@ Mix between academics and companies
@ Extreme popularity of Deep Learning topics

@ Birth of the International Conference on Learning Representation (2014)

1 1 Tutorials Hall A 2789 287

2 2 Deep Learning, Applications 2364 289 '

3 3 Deep Learning 1831 163 @ tong st un

4 3 Reinforecment Learning, Deep Learning 1592 140 ﬂ' ﬂ'
5 1 Optimization 1522 130

6 1 Tutorials Hall C 1344 135 GOOGLE cmu
7 1 Algorithms 1307 137 MICROSOFT T
8 2 Theory 1288 83 BM STANFORD
9 2 Algorithms Optimization 1223 107

10 4 Deep Learning, Algorithms 1202 113

11 a4 Deep Reinforcement Learning 1202 43

12 2 Invited talk: Kate Crawford: The Trouble with Bias 1162 71

13 3 Reinforcement Learning, Algorithms, Applications 1156 134

14 3 Invited talk: Pieter Abbeel: Deep Learning for Robotics 1087 61

15 1 Tutorials Grand Ballroom 1082 132
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Introduction

DL research is going very fast !!

Example of an emerging topic: Generative Adversarial Networks

@ First publication : 2014 by lan J. Goodfellow, and al.

@ Hundreds of publications (close to a thousand) papers since

New publication mode

@ Wasserstein GANs, Martin Arjovsky and al.

o Published on arXiv : Jan 2017
o Published at ICML in Aout 2017

@ Improved Training of Wasserstein GANs by Ishaan Gulrajani and al.

o Published on arXiv : March 2017
o Published at NIPS in December 2017

@ Improving the Improved Training of Wasserstein GANs: A Consistency Term and Its Dual
Effect by Xiang Wei and al.

o Published on Openreview : Oct 2017
o Accepted as poster at ICLR in 2018 (April 2018)

v
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Introduction

The Graal ? (but we are not there yet)

The Mammalian Visual Cortex is Hierarchical

# The ventral (recognition) pathway in the visual cortex has multiple stages
# Retina - LGN - V1 - V2 - V4 - PIT - AIT ...
# Lots of intermediate representations

WHERE? (Motion
Spatial Ralatlonships)  WHAT? (Form. Color)

Pariotal stroam] linferotemporal atream] T
] Categorical judgments.
sk Simple visual forms
\_ 120480 R
100-130 e, / ./
4060 ms.
| e
liate visual
featura
etc.
S~ % epinal core.
- Tolinge: muscle «__ — ——-180220ms
180-260 ms N .
[picture from Simon Thorpe]
[Gallant & Van Essen]

[Gallant et al., ...]
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Introduction

The key: features

Deep learning = Representation Learning

Learned hierarchical
feature representation

Input data

] 3rd layer
bl Bdbdl  “Objects”

2nd layer
“Object parts”

1st layer
“Edges”

Pixels

[HAanolal at

al 1
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Introduction

Spectaculary breakthrough

Computer vision

Real time Object recognition J

VISION ERROR RATE

30%
Algorithms

2%

Humans

N—

0
2000 2m 2012 2013 2014 2015 2006

SOURCE ELECTRONIC FRONTIER FOUNDATION © HBR.ORG
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Introduction

Spectaculary breakthrough

Computer Vision

Inception-v4
80
Inception-v3 ResNet-152
ResNet-50 VGG-16 VGG-19
7 ResNet-101
ResNet-34
£ 70 ResNet-18
>
3 °° GooglLeNet
3 ENet
2 65
3 © BN-NIN
= 60 5M 35M 65M 95M 125M 155M
BN-AlexNet
55 AlexNet
50
0 5 10 15 20 25 30 35 40

Operations [G-Ops]
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Introduction

Spectaculary breakthrough

Speech J

Read specch (vocabulary: 1K, 5K, 20K)  Broadeast speech  Conversational s

100%
ReadSpe\eii: Colwcrsal;‘mal
/ e Switchboard Cellular
20k Peech ——\.b*\.

2 Poor Microphone Switchboard

o 1K =N 2012 System @

5

] -

&

B 5K

g Clean
@ S oo moeom s 2 2 9 = 8 0 o
g8gg3828888:¢883¢88
2g 8832 g2 228 ¢8RK &

Year of Annual Evaluation

FIGURE 2.7 Historical progress on reducing the word error rate in speech recog-
nition systems for different kinds of speech recognition tasks. Recent competency
for the “difficult switchboard” task (human conversation in the wild) is marked
with the green dot. SOURCE: X. Huang, J. Baker, and R. Reddy, 2014, A histori-
cal perspective of speech recognition, Communications of the ACM 57(1):94-103,
doi:10.1145/2500887. © 2014, Association of Computing Machinery, Inc. Reprinted
with permission.
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Introduction

Spectaculary breakthrough

Natural Language Processing

@ Text representation, modeling, generation Demo
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Introduction

Spectaculary breakthrough

Games

@ BackGammon, Chess, Go

—Human
2600 eComputer

1980 1985 1990 1995 2000 2005 2010 2015

FIGURE 2.3 Elo scores—a measure of competency in competitive games—
showing the chess-playing competency of humans and machines, measured over
time. SOURCE: Courtesy of Murray Campbell.
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Introduction

Spectaculary breakthrough

Image generation
Recent Nvidia results J

} Bod b

Training Data Samples
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Introduction

Spectaculary breakthrough

Should we still trust what we see? J

AL
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Outline

O MLPs

@ Basics
@ Deeper in MLPs
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MLPs
©0000QW

Basics

A single Neuron

One Neuron

@ Elementary computation

activation = w' .x = E wiXj + wo

j
output = g(a(x))
v
Non linearity : g
@ Sigmoide, Hyperbolic tangent, Gaussian
@ Rectified Linear Unit (RELU)
f(x)=0ifx<0
= x otherwise
v
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MLPs
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Basics

Multi Layer Perceptron (MLP)

Structure
N . Input Hidden Output
@ Organization in successive layers
Layer Layer Layer
o Input layer —
o Hidden layers
7

o Output layer

’ (O-~-
"E [we] ) —

Ty

Function implemented by a MLP

g(We.g(W"x)) O

1

@ Inference: Forward propagation from input
to output layer
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MLPs
[e]e] lele]®))

Basics

MLP : Forward propagation

Forward propagation of activities, for an input example x

@ Fill the input layer with x: hg = x
@ lterate from the first hidden layer to the last one

o h=WwW!x h-1
o h' = g(h')

Input Hidden Output
Layer Layer Layer
.

v
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MLPs
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Basics

MLP Usage for Regression

Notation

@ yjj : ideal output of the Jjt neuron of the output layer when input is example number i
@ oj : real output of the jt™ neuron of the output layer when input is example number i
@ N : number of samples

@ O number of outputs of the model = size of the output layer

Training
@ Criterion:

o Mean Squared Error % Z,N:1 ZJO:1 llyi — 04|12

Inference

@ Forward propagation from the input layer to the output layer

@ Output: (0j)j=1..0

4
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MLPs
O000eQW

Basics

MLP Usage for Classification

Training
@ One-hot encoding of outputs: As many outputs as there are classes
@ MSE criterion as for Regression problems
@ Cross Entropy criterion

e transformation of outputs s;; in a probability distribution

exp U

Pij = o
ep—o;
Zk:l P ik

@ New ouputs of the model : p; = output of the jth neuron of the output layer when input is
example number i

o Criterion:
N o
@ Cross-entropy —% Zi:l Zj:l yijlog(pij)

@ Softmax :

v
Training
@ Forward propagation from the input layer to the output layer
@ Decision based on the maximum value amongst output cells ¢ = argmax;—_1..opijj
v
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MLPs
0O0000EW

Basics

Learning a MLP

Learning as an optimization problem
@ Objective function of parameters set w for a given training set T
C(w) =F(w) + R(w)
= > Lulxy,w)+ ||wl?

(xy)eT
. . . 9C(w
@ Gradient descent optimization: w = w — ¢ 854/ )
v
Forward propagation
T vy
Backpropagation 7
@ Use chain rule for computing derivative of . -
the loss with respect to all weights in the O
NN N ‘
- Back propagation
de e=(y—9)°
ow
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MLPs
0O00000®

Basics

Gradient Descent Optimization

Gradient Descent Optimization

@ Initialize Weights (Randomly)
@ lterate (till convergence)

o Restimate wyi1 = we — eag‘(:,) we

C(W) = Cste
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Deeper in MLPs

A single ReLU Neuron

One Neuron

@ Elementary computation

activation = w' .x = E wiXj + wo \ gla)
J

output = ReLU(a(x))
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Deeper in MLPs

A single ReLU Neuron

One Neuron

@ Elementary computation

- T 2 :
activation = w’' .x = wjXj + wo
j

output = ReLU(a(x))
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Deeper in MLPs

What a MLP may compute

What does a hidden neuron J

@ Divides the input space in two

Combining multiple hidden neurons

@ Allows identifying complex areas
of the input space

@ New (distributed) representation
of the input

T. Artiéres (ECM - LIS / AMU ) Etat des lieux des recherches en Deep Learning
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Deeper in MLPs

MLP and Representation Learning : Why are hidden layers useful ?

A Linear Classifier may be enough

Fu(x)=w'.x J %
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Deeper in MLPs

MLP and Representation Learning : Why are hidden layers useful ?

o e °
o
[m] O ° )
. . o o ® o
A Linear Classifier may be enough or not 0o °
0O o0 g
Fu(x)=wT .x J g o
Op O e o
= o
al
o ©
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Deeper in MLPs

MLP and Representation Learning : Why are hidden layers useful ?

A Linear Classifier may be enough
Fu(x)=w' x J
o e ° o0, % o
o o ° ° L ]
. . . . o e o °
Otherwise use a Non linear projection followed by a 2g © e e o ° °
Linear Classifier 0 o o s o O
o e * mmmmm)
o o 0o o
Fu(x) = w’.0(x) oo 7 P e 950, oo
° =} o |
o o o
o o
o © o O [u]
o
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Deeper in MLPs

MLP and Representation Learning : Why are hidden layers useful ?

A Linear Classifier may be enough J

Fu(x)=w" .x

Otherwise use a Non linear projection followed by a
Linear Classifier

Fu(x) = WT.¢(X)
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Deeper in MLPs

Distributed representations

Might be much more efficient than non distributed ones

Somehow the number of regions in which a NN architecture may divide the input space is a
measure of its capacity

Sub partition 1

Sub partition 5

Sub partition 4

Sub partition 2

Sub partition 3
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Deeper in MLPs

MLP = Universal approximators

One layer is enough !

@ Theorem [Cybenko 1989]: Let ¢(-) be a nonconstant, bounded, and
monotonically-increasing continuous function. Let /;, denote the m-dimensional unit
hypercube [0, 1]™. The space of continuous functions on I, is denoted by C(/m). Then,
given any € > 0, there exists an integer N, such that for any function f € C(/m), there exist

real constants v;, b; € R and real vectors w; € R™, where i = 1,--- , N, such that we may
define:
N
F(X) = E Vi (W,-TX + b,')
i=1

as an approximate realization of the function f where f is independent of ¢ ; that is :
|F(x) — f(x)| < e for all x € I;. In other words, functions of the form F(x) are dense in

C(Im).

@ Existence theorem only

@ Many reasons for not getting good results in practice
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Gradient Descent

Outline

e Gradient Descent
@ GD variants
@ Computation graph
@ Regularization
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Gradient Descent

Gradient Descent Optimization

Gradient Descent Optimization

@ Initialize Weights (Randomly)

@ lterate (till convergence)

aC(w) ‘
ow Wt

o Restimate wiy; = wy — €

Initial

weight \

1wl Gradient

= Few illustrations in these slides are taken from [LeCun et al, 1993], [Fei Fei Li lecture 6], and
from S. Ruder’s blog
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Gradient Descent

Error surface

Surface error and gradient in weight space

C(W) = Cste

W,
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Gradient Descent

Gradient Descent: Tuning the Learning rate

Weight trajectory for two different gradient step
settings.
Two classes Classification problem

Images from [LeCun et al.]
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Gradient Descent

Gradient Descent: Tuning the Learning rate

Effect of learning rate setting
@ Assuming the gradient direction is good, there is an optima value for the learning rate
@ Using a smaller value slows the convergence and may prevent from converging

@ Using a bigger value makes convergence chaotic and may cause divergence

E(o) E(w)
\ I \ E(®)

e) ©

(i) (ii)

Fig. 6. Gradient descent for different learning rates.

Images from [LeCun et al.]
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Gradient Descent

Optimal learning rate and convergence speed

Second order point of view
@ Taylor expansion, noting V2 C(w) the Hessian (a N X N matrix with N a model with parameters )
1
cw'y = cw) + (W — w)Tvew) + =(w — w)T V2w - w)
2

VW), = VW) w + VZC(w)(w — w)

w!

Optimum rule (setting V C(w)]  / to 0):

w = w— (Vi) TV ew)
Optimal move not in the direction of the gradient
Said differntly: Not a identical step in every direction !

In Order 1 Gradient descent the optimal the optimal value of € depends on eigen values of the Hessian W2 C(w)

The optimal value depends on the highest eigen value (é = %) of the Hessian
max

principal
w2 eigenvector

w1
From [Lecun et al, 93]
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Gradient Descent

Gradient Descent: Stochastic, Batch and mini batchs
Objective : Minimize C(w) = Zi:L.N Ly (i) with Ly (i) = Lw(x', y', w)
Batch vs Stochastic vs Minibatchs

@ Batch gradient descent

e Use VC(w)
o Every iteration all samples are used to compute the gradient direction and amplitude

@ Stochastic gradient

e Use VL, (/)

o Every iteration one sample (randomly chosen) is used to compute the gradient
direction and amplitude

o Introduce randomization in the process.

Minimize C(w) by minimizing parts of it sucessively

o Allows faster convergence, avoiding local minima etc

@ Minibatch

o Use szewj Lw(j)

o Every iteration a batch of samples (randomly chosen) is used to compute the gradient
direction and amplitude
o Introduce randomization in the process.

o Optimize the GPU computation ability
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Gradient Descent
00

GD variants

Using Momentum

SGD with Momentum

@ Standard Si{:aocc(h?stic Gradient descent :

W=W— €—F—

ow
@ SGD with Momentum:
oC(w)
V=9v+e——
ow

w=w-—V

=

SGD standard

o 500 1000 TS0 zom 2500 000 3500

==

SGD avec momentum
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Gradient Descent
0®0

GD variants

Nesterov Accelerated Gradient

Principle
@ |dea: Better anticipate when to slow down by looking forward

Vitl = YVt + EVC(W)IWz—’YVt

Wil = Wt — Viyl

@ Blue vectors: standard momentum
@ Brown vectors: jump
@ Red vectors: correction

@ Green vectors: accumulated gradient
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Gradient Descent
o0e

GD variants

Adagrad

Reminder: Optimally one needs to adapt the learning rate to every weight

aC(w)

ow;
Ve &

o where G; ;i is a diagonal matrix with ith element equal to Ztgi,

o ~v is a very small value to avoid numerical exceptions
e Standard value e = 0.01

@ Define g;,; = the derivative wrt a single weight value w;

@ Wii1,i = Wt —

@ Variants that aim at minimizing the aggressive feature of Adagrad: Adadelta , Adam, and
RmsProp
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Gradient Descent

[ Jolele)

Computation graph
Gradient Computation: Chain rule
Gradient of a function

z=2xf(x+3Xxy)+6xg(5xx)x h(y)

8
=>Bi|x,y=2xf'(x+3Xy)+3OXg’(5xx)xh(y)
X

Equivalent computation with the Chain rule

Set a(x) = f(x +3 X y) and b(x, y) = g(5 X x)
= z=2x a(x) +6 X b(x) X h(y)

. o 2=2 f{x+3y) + g(5%) X h(y)

| | O ey + 2 |

= — by X —lx,y + —lx,y X —Ix,

ax Y T 8a Y T ax T e Y T e Y
With:

) )
8—y|w =2and 8—3|ny =faxx+3xy) a=f(x+3y) b=g(5x) x h(y)
dy b ,

—Ix,y =6 X h(y) and — |x,y =5 X g (5 X x)

ab ax

da ’

a—lx,y=g(a><X) X y X y

X

ab

— .. =8 % o/ (R %
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Gradient Descent

o] lele)

Computation graph

Gradient computation in MLPs: Stochastic case

Notations

@ Activation function on every layer: g — Number of layer : L

@ Activity of neuron i in layer /, af — Output of neuron i in layer /, hf = g(al(), and

= g(a})
@ Weight from a neuron j of layer | — 1 to neuron i in layer / : wé.
@ Example considered for computing gradient (x, y)
@ Squarred loss : C(w) = ||ot —y|?
V.
Gradient wrt. last layer weights

@ Gradient wrt cell's ouput agif/) =2(ot — yi)

. , .. aC(w Bo
@ Gradient wrt cell's activity - = B(L) = a‘(’, ) BaL =2(ot —yi)g'(ah)

@ Gradient wrt weights arriving to output cells
oC(w) BC(W) oat st x hL 1
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Gradient Descent

[e]e] 1o

Computation graph

Gradient computation in MLPs: Stochastic case (continues)

Gradient wrt. last hidden layer (LHL) weights

- ) sool—1 _ 9C(w aC(w) dat LoL L—1
© Gradient wrt LHL cell's activity 6,7~ = .( ) = Zi 624 ) 50T = Z,. Srwig’(a; ")
! J

@ Gradient wrt weights arriving to a LHL cell
oC(w)
[—1

Bwjk

_sl-1 L—2
= 6j X hy
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Gradient Descent

oooe

Computation graph

Gradient computation in MLPs

Forward propagation of activities, for an input example x

@ Fill the input layer with x: h0 = x
@ |terate from the first hidden layer to the last one

o = wW!x h-1
o h' = a(h)

Backward computation of the error

@ Compute the output error 6t
@ lterate from the last hidden layer to the first one

o Compute 6L from §L—1

Computing gradient

@ For each weight lek of every layer compute the gradient using 6J’. and oi_l
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Gradient Descent

Regularization

Guiding the learning through reguarization

Regularization

@ Constraints on weights (L1 or L2)
@ Constraints on activities (of neurons in a hidden layer) — induces sparsity

o Llorl2

e Mean activity constraint (Sparse autoencoders, [Ng et al.])
o Sparsity constraint (in a layer and/or in a batch)

o Winner take all like strategies

@ Disturb learning for avoiding learning by heart the training set

o Noisy inputs (e.g. Denoising Autoencoder, link to L2 regularization)
o Noisy labels
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Gradient Descent

Regularization

Constraints on weights

L2 norm on weights (known as Weight Decay)

@ Penalizing the weights through adding a weighted L2 norm A||w||? to the loss

@ It is equivalent to defining a family of models such that ||w||> < Cy with Cy increasing
when A decreases

@ L2 norm penalization <> diminishing the space of functions implemented with the network
architecture

.
L2 and L1 norms
@ L2 norm move useless weights to 0 (without reaching 0)
@ L1 norm set useless weights to 0
v

ws ws,

i} i}
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Gradient Descent

Regularization

Early stopping and callbacks

Principle

Error

Validation

Training

Stop training Number of epochs

@ Early stopping monitors performance (loss) on validation set
@ Stopes before it reaches a plateau and starts increasing

@ Related to the idea that the implemented model’s capacity increases with the number of
iteration

o Think of small weights initialization and sigmoid activation
e = at the beginning the model is a linear one !
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Gradient Descent

Regularization

Lots of tricks to favor convergence

e B.Orr
bert Miiller (Eds.)

And more...

Neural Networks:
@ Weight Initialization 2 Tricks of the Trade

@ Gradient step setting
° ..

@ = Despite appearances not all is automatic

T. Artiéres (ECM - LIS / AMU ) Etat des lieux des recherches en Deep Learning November 15, 2018 56 / 167



Main architectures

Outline

@ Main architectures
@ Dense
@ Autoencoders
@ Convolution
@ Recurrent
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Main architectures
o

Dense

Dense architecture

Hidden Hidden Hidden Hidden
Layer 1 Layer 2 Layer 3 Layer 4

Input \/“\\ A

Layer \VZ/Y
hw“ww
1 YA ' W

V/' ),x\vte ‘1\%’ ‘u‘.{?"’ .§./‘

A\\ Aﬁ» 0 A’A AM- ‘A" A’ \

\Q;“‘\ "A
A\\\ //AA\\ ”/

./\W?\V//\!

Output
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Main architectures

e0

Autoencoders

Autoencoders

Principal Component Analysis

@ Unsupervised standard (Linear) Data Analysis ‘
technique !

o Visualization, dimension reduction o

@ Aims at finding principal axes of a dataset

NN with Diabolo shape

@ Reconstruct the input at the output via an
intermediate (small) layer

@ Unsupervised learning

@ Non linear projection, distributed representation

@ Hidden layer may be larger than input/output layers
v
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Main architectures

(o] J

Autoencoders

Deep autoencoders

Decoder

Deep NN with Diabolo shape

@ Extension of autoencoders (figure [Hinton et al.,
Nature 2006])

@ Pioneer work that started the Deep Learning
wave
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Main architectures

Convolution

Convolutional architectures

Convolutional layers

@ Exploit a structure in the data

o Images : spatial structure
o Texts, audio ; temporal structure
o videos : spatio-temporal structure

Dense vs. Locally connected

[LeCun and Ranzato Tutorial, DL, 2015]
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Main architectures

Convolution

Convolution layer

Convolution of multiple inputs with several small
filter yields several activation maps

32 x 32 x 3 image

5 x 5 x 3 filter weights

1 activation

[From Fei Feil Li slides]
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Main architectures

Convolution

Convolution layer

Convolution of multiple inputs with several small
filter yields several activation maps

activation map
32x32x3 image
5x5x3 filter

convolve (slide) over all
spatial locations

[From Fei Feil Li slides]
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Main architectures

Convolution

Convolution layer

Convolution of multiple inputs with several small
filter yields several activation maps

activation maps

Convolution Layer

[From Fei Feil Li slides]
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Main architectures

Convolution

Convolution layer

. R . Example of a filter
Convolution of multiple inputs with several small P J
filter yields several activation maps

Jg

activation maps Filter Weights

2 1,041
% 1,041
1]0]1
Convolution Layer ’
32 28 83
3 6 e

Q
O = Positive output
@)
[From Fei Feil Li slides] 000
000 =>Null output
000
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Main architectures

Convolution

Convolution layer

Aggregation layer

@ Subsampling layer (one per activation map) with aggregation operator

@ Max pooling — brings invariance and robustness

224x224x64 = =
112x112x64 Single depth slice
pos Tl ][ 1[1]2]2
max pool with 2x2 filters
5|6|7]|8 and stride 2 6|8
| I 3 | 2 puimmn 3[4
! 112]13]|4
T 112
downsampling
12 = =
Yy
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Main architectures

Convolution

Old and new convolutional architectures

Convolution architectures

@ Most often a mix of (convolutional 4 pooling) layers followed by dense layers

LeNet [LeCun and al., 1997]

C3: 1. maps 16@10x10
INPUT C1: fealure maps 54:1. maps 16@5x5
6@28x28
32x32 $2: f. maps
6@14x14

| Fulcondsction | Gaussian connsctions
Ci i Ci i i Full i
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Main architectures

Convolution

Old and new convolutional architectures

Convolution architectures

@ Dit it change so much 7

LeNet [LeCun and al., 1997]

B C3: 1. maps 16@10x10
: feature maps 54:1. maps 16@5x5
INPUT

e 6@28x28

§2: f. may
G@M}ﬂrs

| Fulcondsction | Gaussian connsctions
c i c i i Ful i

\( o\ o \dense

)

Gense’| [densd

178 Max
pesling

a5 g
T Mex ]
pooling pocling

AlexNet [Krizhevsky and al., 2012]
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Main architectures

Convolution

Old and new convolutional architectures

Convolution architectures

@ Dit it change so much 7

LeNet [LeCun and al., 1997]

i Ca: f. maps 16@10x10
- feature may S4:1. maps 16@5x5
MPUT cazmas E

G5t layer

S2:{. maps )
8G14x14 Ir I'I_ B e GUTEE

32x32

= . c i Full
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Main architectures

Convolution

Old and new convolutional architectures

Convolution architectures

LeNet [LeCun and al., 1997]

C3:1. maps 16@10x10

iR C1: feature maps S4:1. maps 16@5x5
6@28x28

x32 S2: . maps

6@14x14

NetworkInNetwork [Lin and al.,2013]
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Main architectures

@®00000

Recurrent

Feedforward vs Recurrent NNs

RNNs in general

@ A recurrent neural network is a NN with
cycles in its connections .... v ....
N
@ Today RNNs are specific recurrent
architectures. Not all architectures work

U U
well.. T.W 0000

MLP vs. RNN
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Main architectures

Oe0000

Recurrent

Inference and learning through unfolding the RNN

~

Y
0000

w

Inference: Forward propagation in the FeedForward unfolded RNN

@ Start with null state h(0) =0

@ lterate
h(t) =g(V x h(t — 1) + U x x(t)

y(t) = g(W x h(t))
@ = The final state h(T) resumes the whole input
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Main architectures

Oe0000

Recurrent

Inference and learning through unfolding the RNN

~

Y
0000

w

Learning: Back-propagation in the FeedForward unfolded RNN

@ Unfold the model
@ Backpropagate the gradient in the whole network

@ Sum the gradient corresponding to all shared parameters and unshared parameters (possibily
the last layer)

@ Apply Gradient Optimization Update rule on all parameters
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Main architectures

00e000

Recurrent

Various settings

one to one one to many many to one many to many many to many
t t ot ot t ot

U [HH THA) [HHHHD  (HA

4
||
|
|1
I

One to One : MLP, CNN ...
One to Many : Generation of a sequential process (speech, handwriting ...)
Many to one : Sequence classification (e.g. activity recognition)

Asynchronous Many to many : Machine Translation

Synchronous Many to Many : POS tagging, Speech recognition...
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Main architectures

000e00
Recurrent

One To ManyText example

Je dors bien

(0000 (0000, 0000

e
LIIT)
< Start > Je dors
Text generation
@ Example of a generation model as a opne to Many model J

T. Artidres (ECM - LIS / AMU )
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Main architectures

O000e0

Recurrent

Many to many example

Phrase en anglais

Phrase en francais

Machine translation

@ Example of a translation model as a asynchronous Many to Many model

@ The nature of language and of complex grammatical forms require to first "understand” the
sentence, encoding it in a small dimensional hidden space, then to reconstruct the sentence
in the target language.
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Main architectures

O0000e

Recurrent

Recursive models

Principle

@ Allows dealing with other structured data such as trees
@ The model may still be unfolded and gradient may easily be computed

@ Used to compute a representation using data structure (e.g. text with parse tree structure)
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Programming

Outline

o Programming
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Programming

Why now ?

Huge training resources for huge models

@ Huge volumes of training data

@ Huge computational ressources (clusters of GPUs)

v
Advances in understanding optimizing NNs
@ Regularization (Dropout...)
@ Making gradient flow (ResNets, LSTM, ...)
v

Faster diffusion than ever

@ Softwares
@ Results

o Publications (arxiv publication model) + codes

o Architectures, weights (3 python lines for loading a state of the art computer vision
model!)

v
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Programming

Plateformes

Large and active community (forums, models are available when published...) for each of these J

F Tensorl

Microsoft

Keras

Facebook
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Programming

GPU and CPU

I 1l 5262013 N Pascal Than X (00 GubDNN) Pascal Titan X (cUDNN 5.1)
24000

e BBX 67x 71x 64x >6x

“”'///|K /

N=16 Fonvard + Baciward time (ms)

=3 vee19 ResNet 18 Res:Net.50 ResNei 200

st from hpsthud comiconsonie-benenmarks

Data is here

If you aren't careful, training can
bottleneck on reading data and
transferring to GPU!

Solutions:
- Read all data into RAM
- Use SSD instead of HDD
- Use multiple CPU threads.
to prefetch data
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Programming

Computation graph

Computation graph for a calculus

One may build a computation graph
form the calculus definition
z=Ax+b
v
. = Wz| [Li =), max(0,s; — sy, + 1)
Computation graph for a calculus and \\|f - | B = 1= o +1)
a criterion T e () L
P &
One may add a criterion (accounting - )
for supervised learning) T ROW)
v

From Fei Fei Li slides

T. Artiéres (ECM - LIS / AMU ) Etat des lieux des recherches en Deep Learning November 15, 2018 75 / 167



Programming

Automatic differentitation

Differentiation graph
From a computation graph one may automatically compute the backward differentiation graph !

@ Different rules to apply according to the operation yielding z from x and y

/
“local gradient”
x

OL|
9z
gradients

From Fei Fei Li slides
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Computation graph and TensorFlow
An example from [Tensorflow doc]

SGD Trainer

Programming

T. Artiéres (ECM - LIS / AMU ) Etat des lie

Gradients
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Programming

Computation graph and Pytorch

Another example

Computational Graphs PyTorch

import torch
from torch.autograd import Variable

N, D=3, 4

x = Variable(torch.randn(N, D),
requires_grad=True)
y = Variable(torch.randn(N, D),
requires_grad=True)
z = Variable(torch.randn (N, D),
requires_grad=True)

a=x*y
b=a+z
¢ = torch.sum(b)

c.backward()

print(x.grad.data)
print(y.grad.data)
print(z.grad.data)
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Programming

Computation graph and Pytorch

Another example

[3] dimport torch
from torch.autograd import Variable

© wpo=31

x=Variable(torch.randn(N,D}.cuda(},reguires_grad=True)
y=variable(torch.randn(N,D}.cuda(},requires_grad=True)|
z=Variable(torch.randn(N,D}.cuda(},reguires_grad=True)

[6] a=x+y
b=a+z
c = torch.sum(b)
c.backward()

print (x.grad.data)
print (y.grad.data)
print (z.grad.data)

[» tensor([[-2.4946, -1.774%, -2.8303, -1.0450],
[ 1.8087, -0.8123, 1l.4324, -0.7437],
[ 0.4153, -0.7573, -0.3054, 1.8146)], device='cuda:0')
tensor([[-0.2363, -1.8247, -3.2515, 4.3729],
[-0.6283, 1.5725, -3.6657, -1.4272),
[ 0.8991, -0.2417, -0.2456, -2.46B84)], device='cuda:0')
tensor([[2., 2., 2., Z.],
[2.7 2.4 Zay 2.],
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Example (pytorch)

Mnist Classifier (model definition)

Programming

class Net(nn.Module):
def __init_ (self):

def

super(Net,

self.convl

self.conv2

self.conv2_t

self.fcl =
self.fc2 =

self).__inmit_ ()

= nn.Conv2d(1, 1@, kernel_size=5)
= nn.Conv2d(1@, 2@, kernel_size=5)
drop = nn.Dropout2d()
nn.Linear(32@, 50)

nn.Linear(58, 18)

forward(self, x):

F.relu(F.max_pool2d(self.convl(x), 2))
F.relu(F.max_pool2d(self.conv2_drop(self.conv2(x)), 2))
x.view(-1, 328)

F.relu(self.fcl(x))

F.dropout(x, training=self.training)

self.fc2(x)

return F.log_softmax(x, dim=1)

X X X X X X
"

T. Artidres (ECM - LIS / AMU )
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Programming

Example (pytorch)

Mnist Classifier (model training)

def train(args, model, device, train_loader, optimizer, epoch):
model.train()
for batch_idx, (data, target) in enumerate(train_loader):
data, target = data.to(device), target.to(device)
optimizer.zero_grad()
output = model(data)
loss = F.nll_loss(output, target)
loss.backward()
optimizer.step()
if batch_idx % args.log_interval == @:
print(‘'Train Epoch: {} [{}/{} ({:.ef}%)]\tloss: {:.6f}".format(
epoch, batch_idx * len(data), len(train_loader.dataset),
1808. * batch_idx / len(train_loader), loss.item()))
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Outline

© DL=RL

@ Learning Representations
@ Embeddings
@ Representations and transfer

T. Artiéres (ECM - LIS / AMU ) Etat des lieux des recherches en Deep Learning
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DL=RL

Deep Learning = Representation Learning

Hierarchy of representation spaces by successive hidden layers
A series of hidden layers J

Hidden
Layer 1

Hidden
Layer 2

Hidden
Layer 3

Hidden
Layer 4

O Sy S ~7/\®.
\\// \\// \\// Output
W \

\ \
NV 07
W W \NO
\‘\",,g K '.\',' Q\ N \’/ \\

OAKN .A‘\M’s AN Oy
V"«’N \ VO

AV, AN
¥ XY Vins K p.t“‘ojt
NNV YVl SV G

VO . i \

v

\/ N A A\ 4
ORI
i O O\

HO
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DL=RL

Deep Learning = Representation Learning

Hierarchy of representation spaces by successive hidden layers

Computes a complex function of the input

y = g(W* x g(Wr™! x g(...g(W! x x))))
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DL=RL

Deep Learning = Representation Learning

Hierarchy of representation spaces by successive hidden layers

Computes new representations of the input

h'(x) = g(W' x h'~}(x))

[Q OJE

T. Artidres (ECM - LIS / AMU )
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Machine Learning vs. Deep Learning

Learnable
Output
components

Statistical model
Output New representation
of the data
Statistical model

Statistical model
e S

-
New representation New representation New representation
of the data of the data \ of the data )
~ d -/ \ - N -7
Raw input data Raw input data Raw input data
Machine Learning Deep Learning
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Feature hierarchy : from low to high level

What feature hierarchy means ?

@ Low-level features are shared among categories

@ High-level features are more global and more invariant

hs dense’|  [densh]
u o

‘
&
.n

Fe8: Object Classes

w36

juse no

Numerieal Data-driven

Conv 1: Edge+Blob Cony 3: Texture Caony 5: Object Parts

([Krizhevsky and al., 2012])
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Learning Representations

Visualizing filters and activations

nput o

Mnist (toy) dataset ;
@ Low resolution handwritten digit images J ;

L S

Outputs of first Convolutional layer for above
Weights of first Convolutional layer (32 maps) input

l- i - S
CTITL | o223
EE B =
RALDEE FzEs 3

J
|
|

1 T T "
, e 3 T %
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Learning Representations

DConvnet

@/

Layer 2

Visualizations of Layer 1 and 2. Each layer illustrates 2 pictures, one which shows the filters themselves and one that shows what

part of the image are most strongly activated by the given filter. For example, in the space labled Layer 2, we have representations
of the 16 different filters (on the left)

[From Zeiler et Fergus]
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DL=RL
ooe

Learning Representations

DConvnet

Visualizations of Lavers3 & and S

[From Zeiler et Fergus]
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Embeddings

Embedding layer for text representation

Motivation : Transformation layer for discrete/categorical inputs

@ Example : a Word in a Dictionary (Natural Language Processing tasks)

@ Embedding : distributed representation. Not a new idea (LSA, LDA)

Main interests
@ When the cardinality of the input is (very) large (e.g. NLP tasks) to allow accurate
estimation from tractable corpus

@ When one wants to infer some continuous representations of the input values to get insight
on similarities between them
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Embeddings

Embedding layer: Implementation

Look up table
@ One entry for each of the possible values {vi, ..., vk} (e.g.words in a dictionary)
@ Each value is represented as a d—dimensional vector (d is the size of the embedding)

@ Represented as a layer with a weight matrix (K x d)

Embedding (d dim)

v, = [1 0 0 0 0]
v, = [0 1 0 0 0]
Ve = [0 0 0 0 1]
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Embedding layer: Implementation

Look up table
@ One entry for each of the possible values {vi, ..., vk} (e.g.words in a dictionary)
@ Each value is represented as a d—dimensional vector (d is the size of the embedding)

@ Represented as a layer with a weight matrix (K x d)

Embedding (d dim)

One hot code (K dim)
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Embeddings

Architecture SkipGram [Mikolov et al.,

INPUT PROJECTION  OUTPUT

DW(‘VZ)

w(t-1)

w | »[}

wi(t+2)

A
«Dwm
U

Skip-gram

T. Artidres (ECM - LIS / AMU )

2013]

@ Utilise une representation pour chaque mot

en entrée et idem en sortie

@ Modele

P(welwe) oc exp((weyq) " we))
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Embeddings

A particular interesting effect: compositionality

Idea

o Emb(’'King’) + Emb(’ Woman') — Emb('Man’) ~ Emb(’ Queen")

@ It is an observed phenomenon which is not actually favored by the model design the learning

criterion
f -
G
ey
5 Russiac
WOMAN , e woss |
AUNT QUEENS Turker i Tokro
/’ /, os
MAN Poara
KINGS Gorman
UNCLE ’ P —
QUEEN QUEEN os| hay e
R s
KING KING .
15 | poniaa o
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Representations and transfer

Extension of the embedding idea

More generally one call embedding a new representation space for any input data (image, text,
signal...)

/ Low level High level \

New

hidden layer 1 hidden layer 2 hidden layer 3 Representations
of the input
image in the
hidden layers

input layer

K L | Forward propagation |/
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Representations and transfer

Extension of the embedding idea for images

Forward propagation New

representations
[— (514 esare mops
(C1) 4 feature maps (52) 6

Image

comvoron ayer | sheampinglyer | comoidonlayer | subsampling ayer | uly connected MLP

Main interest

@ Many very deep architectures have been proposed by major actors (Google, Microsoft,
Facebook...)
o Using huge training corpora
o Using huge computing resources
o Architecture and Weights are often made publicly available
@ It is better to use such models for computing high features from which one may design a
classifier
o With fine tuning (of upper layers) if enough training data are available on the target

task
o As a preprocessing if not
v
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Representations and transfer

Genericity of representations [Yozinski and al., 2014]

Experiments on two similar tasks .
Main results

@ Two DNN : Green one learned on Task A - Blue .
@ Better to reuse DNNA and fine

on Task B
tune on Task B
@ Reuse DNNA for Task B (and vice versa)
@ Lower layers learn transferable
@ Study the effect of reusing a DNN up to layer features while higher don't
number j ...

5: Transfer + fine-tuning improves generalization

3: Fine-tuning recovers co-adapted interactions.

2: Performance drops
due to fragile
co-adaptation,

a: performance

representation
specificity

7 E] 0 B G 7
Layer n at which network is chopped and retrained
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Deep NNs

Outline

e Deep NNs
@ Depth and capacity
@ Learning DNNs
@ Architecture design
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Deep NNs
®00000

Depth and capacity

Depth in RNNs

Depth in Feedforward nets

@ Stacked layers in a feed forward or more complex manner (e.g. multiple paths)

@ Gradient vanishing or exploding problems when backpropagating

Depth in RNNs

@ Stacked hidden layers as in traditional deep NNs : usual in many arhcitectures
@ Long sequences — deep in time

@ Both structural depths yield similar optimization problems (gradient flow)
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Deep NNs
O@0000

Depth and capacity

The Times They Are A Changing

Revolution of Depth 22

— 25.8
152 layers
A
\
\
\
\ 16.4
\
\
| &
221ayers | | 19 layers
L22avers || 19 avers |
\ 67 -

73
i I_ ~ I 8 layers 8 layers shallow

ILSVRC'1S  ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11  ILSVRC'10
ResNet GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)

(slide from [Kaiming He])
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Deep NNs
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Depth and capacity

Deep vs Shalow: Increased capacity?

Characterizing the complexity of functions a DNN may implement [Pascanu and al., 2014]

@ DNNs with RELU activation function = piecewise linear function
@ Complexity of DNN function as the Number of linear regions on the input data

@ Exponentially more regions per parameter in terms of number of HL

In more details

@ Case of np inputs and n = 2ng hidden cells per HL (k HL) :

: H . o(k—1)n no  (2ng
e Maximum number of regions : 2 0 ijo ( j )
@ Example: ng =2
o Shallow model: 4ng units — 37 regions
o Deep model with 2 hidden layers with 2ng units each — 44 regions
o Shallow model: 6ng units — 79 regions
o Deep model with 3 hidden layers with 2ng units each — 176 regions

@ At least order (k-2) polynomially more regions per parameter in terms of width of HL n
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Deep NNs
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Depth and capacity

Deep vs Shalow 7

|~
10,000,000

RPSPSISISASA)

From [Pascanu and al., 2014]

@ Left: Regions computed by a layer with 8 RELU hidden neurons on the input space of two
dimensions (i.e. the output of previous layer)

@ Middle: Heat map of a function computed by a rectifier network with 2 inputs, 2 hidden
layers of width 4, and one linear output unit. Black lines delimit regions of linearity of the
function

@ Right: Heat map of a function computed by a 4 layer model with a total of 24 hidden units.
It takes at least 137 hidden units on a shallow model to represent the same function.
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Deep NNs
0000e0

Depth and capacity

DL in the view of generalization, overtraining, local minimas etc

Traditional Machine Learning and NNs

@ Overfiting is the enemy Recent results in DL

@ One may control generalization with @ The Overfit idea should be revised for
appropriate regularization DL [Zhand and al., 2017]

@ Suboptimal optimization due to o Deep NN may learn noise !
multiple local minima o Regularization may slightly

improve performance but is not
THE answer for improving

25
true labels generalization

20 random labels \ @ Objective function do not exhibit lots
2 shuffled pixels £ saddl . d | |
15 random pixels o .S.a e points and most loca
& ¢ gaussian minima are good and close to globale
© P
g 10 minimas [Choromanska et al., 2015]
H

05 o Not clear what in the DNN may

allow to predict its generalization
0% 5 10 15 20 25 ability

thousand steps
[Zhand and al., 2017]
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Deep NNs
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Depth and capacity

From shalow to deep

Simply stacking layers does not work (CIFAR

results) ! (figures form [He and al., 2015])

8
8

S ~
= 1S
2 °
5 g
) 5
2 Se-layer &
E K
5 20-layer

56-layer
20-layer

EEI
iter. (le4)
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Deep NNs

9000000

Learning DNNs

The depth alone is not enough

Main answers

@ Regularization (Dropout)
@ Make the gradient flow with activation monitoring (Batch Normalization)

@ Make the gradient flow with structural constraints (Identity mapping)
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Deep NNs

O@0 0000

Learning DNNs

Dropout [Hinton 2012]

Principle

NS
o

7
7
%5

Y

Y

AN
QX

Z

(b) After applying dropout

(a) Standard Neural Net

@ First method that actually allowed learning deep networks without pretraining and smart

initialization
@ Related to ensemble of models
@ Weights are normalized at inference time
v
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Deep NNs
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Learning DNNs

Problems with activity propagation in deep NNs [He et al., 2016]

Few slides from Fei Fei Li

Standard initialization schema for MLPs
@ 10 layers networks (500 neurones each, with tanh)
@ Initialization : gaussian random with small (std=0.01) values (what if all null initialization?)
@ All activations at 0

@ What about the gradient ?
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Deep NNs
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Learning DNNs

Smarter initialization

Good (but not enough)

@ 10 layers networks (500 neurones each, with tanh)

@ Xavier initialization : random gaussian with std dev = L

previouslayer

@ Much better behavior but fails with RELU activation (assuming normalized inout data)

From Fei Fei Li's slides
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Deep NNs
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Learning DNNs

Batch Normalization

Main idea

@ Usually inputs to neural networks are
normalized to either the range of [0, 1] or

[-1, 1] or to mean=0 and variance=1
F
@ BN essentially performs Whitening to the

intermediate layers of the networks.

@ Usually placed before nonlinearities

-

From Fei Fei Li's slides
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Deep NNs
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Learning DNNs

Residual Networks

Principle

@ Include identity mapping in the model
@ ResNet building block [He and al., 2015]]

weight layer

X
identity

@ Every layer becomes close to the output (= not far in the backpropagation process)
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Deep NNs
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Learning DNNs

LSTMs and RNNs

New units for RNNs

@ Motivation:

e Optimization problems in Recurrent Neural Networks (gradient explosion / vanishing)
o Difficulty to capture long term dependencies

@ New types of hidden cells

o Long Short Term Memory (LSTM) [Hochreichetr 98]
e Gated Recurrent Unit (GRU) [Cho and al., 2014]
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Deep NNs
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Learning DNNs

LSTM units

e
7 wsmasiocc

N
i
H
9
H

LA
H
H

7

Motivation

@ Units that include few gates (forget, input, output ) which allow to :

e Stop capitilizing in the state the information about the past
o Decide if it is worth using the information in the new input

@ Depending on the input and on previous state

o Reset the state, Update the state, Copy previous state
o lIgnore new input or fully use it to compute a new state
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Deep NNs

000000 0D™

Learning DNNs

LSTM units

@ LSTM layers may be stacked as well as standard RNN layers (hy = LSTM(x¢, hy—1, ce—1) is
input to the upper layer)
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Deep NNs
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Architecture design

Examples of architectures

AlexNet [Krizhevsky and al., 2012] (top) and NetworkInNetwork [Lin and al.,2013] (bottom) J

5 w find \m ense:

\% Ayivl
= AN i
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Deep NNs
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Architecture design

Looking for a good architecture: Lego game

How to reach such an architecture (GoogleNet 2014) ?

Searching for a good architecture requires making choices !!
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Deep NNs

00@000

Architecture design

Looking for a good architecture: Lego game

Gridsearch

@ Standard Machine Learning models

o Very few hyperparameters (regularization tradeoff, kernel width or degree etc)
o Easier optimization problem

o Usually much less data and much simpler models

o = Quite exhaustive gridsearch

@ Large deep networks

e Many choices (sequence of layers, width of layers, convolution kernel’s size and strides,
activation function, optimization routine and its parameters...): Not many theoretical
hints

Harder optimization problem

Each try is expensive

= Reuse of others’ architectures whenever possible

= Gain experience on how to design
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Deep NNs
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Architecture design

Looking for a good architceture

Activation function Criterion Hyper-parameters
@ Relu @ MSE @ Learning rate
@ Sigmoid @ L2reg @ Decay
@ Tanh @ Cross entropy @ Layer size
@ Linear @ Binary cross entropy @ Batch size
@ GRU @ Likelihood ) @ Dropout rate
@ LST™ ) @ Gradient clipping
Optimizer
Connectivty @ scp
@ Fully connected @ Adam
@ Convolutional 9 Adagrad
@ Dilated @ Adadelta
@ Recurrent @ RMSProp )
@ Recursive
@ Skip/ Residual
V.

=
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Deep NNs
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Architecture design

Looking for a good architceture

lllustration [Verbeek 2017]

@ Simple search (but for a large network)

e 19 convolution layers and 5 pooling layers to set

o Question: where to put the poooling layers? — 40 000 architectures !!

o No question about layers’ dimensions, activation function, kernels’ size, pooling type
etc

@ Remember

e 1 hour GPUon AWS =1$%
o Learning 1 model = Few hours
= Expensive design !!!

@ Not much alternatives

(s+1) . \4:
© o &

o
(s-1) @

Internal Node

Layers [output]
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Deep NNs

O0000e

Architecture design

Looking for a good architecture: use others’ !!

Deep Models for High resolution images [Radford 2015]

Historical attempts to scale up GANs using CNNs to model images have been unsuccessful. This
motivated the authors of LAPGAN (Denton et al., 2015) to develop an alternative approach to it-
eratively upscale low resolution generated images which can be modeled more reliably. We also
encountered difficulties attempting to scale GANs using CNN architectures commonly used in the
supervised literature. However, after extensive model exploration we identified a family of archi-
tectures that resulted in stable training across a range of datasets and allowed for training higher
resolution and deeper generative models,

16

Stride 2

Project and reshape

CONV 1
CONV 2

conva
G(2)
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Outline

@ GANs

@ Generative models
@ GANs
@ Adversarial Autoencoders

T. Artidres (ECM - LIS / AMU )
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Generative models

Generative models

Goal

@ Learn to generate complex and realistic data

@ Statistical viewpoint : learn a model of the density of data / able to sample with this
density

o Postulate a parametric model : Usually not complex enough
o Postulate a parametric form and perform optimization (e.g. Maximum Likelihood) :

Intractable for complex forms p(x) = Z(—(XX) with Z(x) = ZX F(x)

ce0 o o0 oo oo o Maximum Likelihood Estimation (MLE)

0" = arg;nax ]Ex~p(|;m, IOngodcl(E | 0)
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Generative models

Adversarial learning principle

Taxonomy of Generative Models

!

‘ Maximum Likelihood

R e

Explicit density ‘ Implicit density |

N o

Tractable density ‘Approximate density Markov Chain

— ' GSN
-Fully visible belief nets
NADE ST

_MADE Variational | | Markov Chain

Direct ‘

-PixelRNN Variational autoencoder Boltzmann machine
-Change of variables

models (nonlinear ICA)

(Goodfellow 2016)
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GANs
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GANs

Adversarial learning principle

Principle

@ Use a two player game

o Learn both a generator of artificial samples AND a discriminator that learns to
distinguishes between true and fake samples.
e The generator wants to flue the discriminator

@ If an equilibrium is reached the generator produces samples with the true density
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GANs
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GANs

Adversarial Learning: Generator

Determinitic NN as a generative model

Using a deterministic NN as a generative model

@ Let note the function implemented by the model as G
@ Let note the input z — The NN computes G(z)
@ Assume z obeys a prior (noise) distribution, p, e.g. Gaussian distribution

@ then the output x of the NN follows a distribution

= pe(x) = / pz(z)dz
zs.t. G(z)=x
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GANs

GANs

QOe00000000

Le principe de I'adversarial learning [Goodfellow and al., 2014]

Principle

@ Jeu a deux joueurs: un générateur et
un discriminateur

e le discriminateur veut distinguer
les exemples générés des vrais
exemples

o Le générateur veut tromper le
discriminateur

T. Artidres (ECM - LIS / AMU )

Etat des lieux des recherches en Deep Learning

Discriminator
Output : Fake / Rea

Input sample

Generator

Real samples

Data Space

Fake sample

Latent Space
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GANs
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GANs

Adversarial Learning criterion

Criterion from [Goodfellow and al., 2014]

@ Generator G and Discriminator D are two NNs
o Whose parameters are noted 6 and 64
@ Distributions

® Pgata Stands for the empirical distribution of the data from the training set
e p; is a prior noise distribution, e.g. a Gaussian distribution
e On convergence we want pg = Pgata

@ Learning criterion:

mingmaxgv(0g,04) = Ex~py,,, [l08D(x)] + Ez~p, [log(1 — D(G(2)))]

o Assume G is fixed: D is trained to distinguish between fake and true samples
o Assume D is fixed : G is trained to generate samples as realistic as possible
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GANs

Adversarial Learning theory: What happens during Learning

Dl'-pCI‘lIIllIldtOr " Data

Modcl
distribution

Jk
/N
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GANs

Good Examples
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GANs

QOO0000e0000

GANs

Bad examples
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GANs

Interpolating with GANs [Goodfellow and al., 2014]

Idea

@ The latent code space is fully occupied
@ Any sample drawn by sampling with the generator should be realistic

@ One may interpolate between two latent codes and see

VL s Sisisisis|IsHzizIziz|217|7171/71/

Figure 3: Digits obtained by linearly interpolating between coordinates in z space of the full model.
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GANs
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GANs

About GANs'

Known problems

@ Dilfficult learning Cumulative number of named GAN papers by mori
. =5
@ Very long learning 20

s
20
e
0
165
150

@ Missing modes

@ Evaluation measures

P

5135

E 120

2

Many many variants -

®

. ©

@ Conditional ©

e

e Di i 0
Disantangling e % e o1

@ Image editing
y
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GANs

DCGANS [Radford 2015]

o 2 T
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GANs
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GANs

Remember the puppet !

AL
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Adversarial Autoencoders

Adversarial AE [Makhzani and al., 2014 ou 15]

q(z[x)
x z ~ q(z)

/ iint4

Drfaw Smlzlﬂ)ﬂs Adversarial cost
rom p(z) |4 for distinguishing
g _) ™ _)@ positive samples p(z)

from negative samples ¢(z)

Learning criterion
@ Few definitions for g(z|x) : simplest = deterministic
@ Learning criterion:
mingmaxqv(0g, 04) = Ex~pgy, [|De(Ec(x)) = X|2] + Eznp, [logD(2)]
+ Ex~pgara [l0g(1 — D(q(2]x)))]
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Adversarial Autoencoders

Conditional GANs [Mirza and al., 2014]

Learning criterion
@ Citerion

mingmaxdv(egved) = Ex,y Pdata [IOgD(X>Y)] +E, pz,y" py [IOg(l - D(G(Z,y’),y’))}
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v Figure 2: Generated MNIST digits, each row conditioned on one label
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Adversarial Autoencoders

Image editing with Invertible Conditional GANs [Perarnau

T. Artidres (ECM - LIS / AMU )
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Adversarial Autoencoders

Disentangling factors of variation [Chen et al., 2018]

Transfering styles between images

T. Artidres (ECM - LIS / AMU )
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Adversarial Autoencoders

Motion capture data

3 X M

D G Cy

Di Emotion Decoder Fmotion

iroriminator clasifier LST™ classfier
[ Adversarial ‘\/’

strae ~ ) = N(Q,01) Adversarial

<

Pride+ Walk
X1

Sadness +KnockDoor]

Xz

Sadnoss Walking
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Media File (video/quicktime)


Building systems

Outline

@ Building systems

T. Artiéres (ECM - LIS / AMU ) Etat des lieux des recherches en Deep Learning November 15, 2018 136 / 167



Building systems

The Lego game (with nice pieces !)
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Building systems

Level 1: building models

Many available building bricks

@ A NN is a sequence / graph of layers that process data
@ Variety of layers

o Processing layers : Dense, Convolution, Pooling
o Activation layers
o Normalization and regularization layers (Dropout, Batch Normalization...)

@ Architecture bricks and specific cells
o Residual blocks, LSTM, GRU, HighWay
@ Optimization routines

e Stochastic Gradient Descent (SGD), Momentum, Adagrad, Adam...

But

@ Choosing an architecture is a combinatorial design problem

@ Not many hints on how to choose an architecture
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Building systems

Level 2: building systems

Models available for many tasks
@ Existence of bricks: models able to compute a universal representation of (structured) data
for:

o Text
o Images
e Speech

@ Ability to learn a model that represent any structured data in fixed dimension space
Sequences, trees, Graphs

@ Adversarial learning for learning any probability density function on complex objects

@ Attention and memory mechanisms in neural networks

What comes next

@ All these models may be used as bricks in new systems for more complex tasks

@ Automatic captioning, Machine translation, Text understanding...
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Building systems

What are DNN systems at the end?

Not more than MLPs

@ Feed forward propagation
enabling chain rule
(backpropagation)

@ Stochastic Gradient Descent
Optimization

 Sentences
Language Model

Yet something different... I

@ Much more complex architectures

@ Most ideas were there in the 90’5)

Total Loss

. (Yeung et al., 2015)
@ End to end learning

Image Model
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Building systems

Learning more general / modular architectures [Bottou's thesis, 1991] !

. . . . "
Graph of modules (better without Still optimized with Gradient Descent !!

cycles... oc(w
Y ) W=W - ey
@ Use automatic differentiation ow
ith tati h
WIEh compitation grab @ provided functions implemented by blocks
are differentiable

@ and derivatives 05;’5;;) and %?/;t((;)) are
| available for every block
v

[ i

1 B
A w

/| i :

L3
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Building systems

Using bricks to build complex systems

y— Tanguage A group of people
Deep CNN  Generating shopping at an
RNN outdoor market.

| Q There are many
vegetables at the
fruit stand.

Automatic captioning [Honglak et al., 2014]]
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Building systems

Automatic captionning

224x 2243 224x224% 64

TxTx512

’sxﬂ“ﬂmﬁn l:. 1x1x4096 1x1x1000

voiture

e ————
N

v-
V—

< Start > Une voiture
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Building systems

Infering face from fMRI signal

fikeinood (Caussan)

teconsiuction [T
o bainresp. A
|| Conet (prerained)  PCA. ﬁa }W_

r- 2

ot oat.

[Guclu et al., 2017]]
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Outline

@ HeP
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Deep and HEP

Pivot adversarial learning [Louppe et al., 2017]

@ Use adversarial learning to align simulated and systematic data

Classifier f Adversary 7 z
x TS X00);0r) J
f(X:ey)

X — —

i

i
|

T | T ' par (ZIF(X:0))

or Lplér) or L.(8;,6,)

TS (X )i 6r)
"""

TR

g

Figure 1: Architecture for the adversarial training of a binary classifier f against a nuisance parameters Z. The
adversary r models the distribution p(z| (X ; #7) = s) of the nuisance paramelers as observed only through
the output £(X;8;) of the classifier. By maximizing the antaganistic objective L, (8, 8, ), the classifier f
forces p(z| F(X; 87) = s) towards the prior p(z), which happens when (X # ;) is independent of the nuisance
parameter Z and therefore pivotal.
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Deep and HEP

QCD-aware Recursive Neural Networks for Jet Physic [Louppe et al., 2018]

@ Learn to aggregate features for jets using a tree structure inspired from data knowledge

Fee5)

]

PEANN

Classifier

ANavg

[ B

LZEN
e/
i

Jet embedding

Fmm o
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Deep and HEP

QCD-aware Recursive Neural Networks for Jet Physic [Louppe et al., 2018]

@ Learn to aggregate features for jets using a tree structure inspired from data knowledge

Event embedding

v(t1) v(ta)

Classifier

v(tar)

3] BF(e)

3
7

L pevent o)

() b (k) b (tar)
AN VAN 7N

VAN VAN i

T o
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Deep and HEP

Ziyu Guo's thesis (with Y. Coadou)

@ Deep learning in the search for ttH with the ATLAS experiment at the Large Hadron Collider

@ 1. Replace a reconstruction BDT + classification BDT with a end to end learned joint
model
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Deep and HEP

Ziyu Guo’s thesis (with Y. Coadou)

@ Deep learning in the search for ttH with the ATLAS experiment at the Large Hadron Collider

@ 2. Rely on the physical process to design the NN structure
@ — Better results than DNN. Comparing now with BDTs

g
collision

thad Higgs

—istm_plain: 0.787, val: 0.794.
— Istm_lowfeature: 0769, val: 0.773
+7" — tree; 0.781, val: 0.785
x --- dnn: 0.763, val: 0.766
- tree+Istm: 0.785, val: 0.791
dnn+istm: 0.769, val: 0.771
— tree+Istm-+high: 0788, val: 0.793
=== dnn+lstm-+high: 0.775, val: 0.781

signal selection (true positive rate)

02 04 o6 o8 1o
bkg selection (false positive rate)
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Outline

@ Making it practical
@ Explainability
@ Robustness to attacks
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Explainability

Explainabilty

@

sneeze
headache

no fatigue_

SN

weight (LIME)
headache
no fatigue

age 7

Model Data and Prediction

Explanation
[Ribeiro et al., KDD 2016]

Human makes decision

Black box models

@ Machine Learning models are black box models

@ Urgent needs for trustability with the increasing performance in real-life tasks (automatic
cars, army, health etc)

@ Several levels of understanability / explainability: Explain a decision on an input / the whole
process

@ Various kind of methods: Agnostic, model-based ...
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Explainability

Explainabilty

Linear models

d
fx)=wlx=> =1 XY
N

® Learning with a regularization term : C(W) =",

i=

Ly w) A w2

Useless weights go to 0

Relevance of feature j measured as |wj]|
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Explainability

Explainabilty

Linear vs nonlinear models

@ Linear models — one weight / feature: Minimal interpretability

@ Nonlinear models — take into account interdependencies between features — much more

difficult to disentangle the relevance of all the features

v
Current methods: Gradient etc
c
@ Popular measure: Gradient of class output wrt input feaures: |83}; |
J
@ Other derived measures )
But the gradient is not a good information [Kindermans et al., 2017]
Signal s Distractor d Data x
ya. €
_ + S =
:',
+[s] -[]
yel-11] e~ N(p.o?) wix=y Wi, tew =y w not informative about s!
i
v
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Explainability

Explaining by sampling around an input [Ribeiro et al., KDD 2016]

Main idea
1
@ Decision boundary is loccaly linear (and N + 4
one may then use standard techniques for . +1 *
linear models) +' [ )
v
+4+ @
. o X + ® . +
Method for explaining the decision on input x | ®e® }
1
@ Sample points around a particular input x 1 .
@ Fit a linear model ) J

A

“ 4.

(a) Original Image (b) Explaining Electric guitar (c) Explaining Acoustic guitar  (d) Explaining Labrador
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Robustness to attacks

Robustesse au piratage

Chatbots et apprentissage en ligne

@ “A peine lancée, une intelligence artificielle de Microsoft dérape sur Twitter. L'entreprise
américaine a lancé Tay, un chatbot censé discuter avec des adolescents sur les réseaux
sociaux. Mais des propos racistes se sont glissés dans ces échanges.” [Le Monde, Mars 2016]

v

Biais de conception

@ “L’application aveugle de |I'apprentissage-machine risque d'amplifier les biais qui sont
présents dans les données” [Tolga Bolukbasi, NIPS 2016].

@ Outils de plongement lexical

L’homme est
L'homme est
L’homme est
foyer

L'homme est
L’homme est

a
a
a

a
a

la femme ce que le roi est a ... 7 La reine
la femme ce que le chirurgien est a ... ? L'infirmiére
la femme ce que le programmeur informatique est a... ? La femme au

la femme ce que I'architecte est a... 7 La décoratrice
la femme ce que le commergant est a... ? La ménagere

T. Artidres (ECM - LIS / AMU )
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Robustness to attacks

Adversarial examples [Goodfellow et al., 2015]

A ML/DL weakness ?
@ Despite their high accuracy DNNs may be very weak, then untrustable for real life use
@ Why ?

o One may easily find adversarial noise that may fool the DNNs
o There exist universal adversarial noise: working for any input sample

o It may be very robust

“gibbon”

“oanda”
99.3% confidence

57.7% confidence
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Outline

@ Towards Al
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Need for reasoning

Main idea

@ Based on a query formulate a goal (information to get)
@ Loop
o Recover the information in the memory that matches the current query
o Based on gained information and on the original query, formulate another query

@ Take a decision based on the accumulated information

Joe went to the kitchen. Fred went to the kitchen. Joe picked up the milk.
Joe travelled to the office. Joe left the milk. Joe went to the bathroom.
Where is the milk now? A: office

Where is Joe? A: bathroom

Where was Joe before the office? A: kitchen
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Attention mechanism

Main idea

@ Most relevant element to a query?

o Given number of memory elements u;

o For a (current) query q
o Assuming queries and memory elements live un the same space

@ The most relevant memory element to query g is the most similar one

ux = argmax;(uj, q)

@ But propagating the most similar one is not differentiable
@ Use instead a smooth argmaximum
s; = argmax;(u;, q)

aj = softmax(s;)

ux = E a;juj
i
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Attention mechanism

Implementation in Keras

inputs = Input(shape=(input_dims ,))
attention_probs = Dense(input_dims, activation='softmax', name='attention_probs')(inputs)
attention.mul = merge([inputs, attention_probs], output_shape=32, name='attention_mul', mode='mul")

T. Artidres (ECM - LIS / AMU )
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Attention mechanisms

Machine translation

Instead of standard Seq2Seq models

°
@ One may want to focus on one part if input sequence for producing one output word
@ Attention = (fuzzy) focus on the input

°

Same kind of ideas for automatic captioning

e suls étudlam -

Encoder =:=:=:I : : = = Decoder

a student - e SUIS étudlam

[Bahdanau and al., 2015]
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Attention mechanisms

Machine translation
@ Instead of standard Seq2Seq models
@ One may want to focus on one part if input sequence for producing one output word
@ Attention = (fuzzy) focus on the input

@ Same kind of ideas for automatic captioning

Context vector

| am a student - Je

[Bahdanau and al., 2015]
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Attention for translation

o

I’ accord sur

u
\
m
[
ol
[
(ol

A |e=| A

f

the

the agreement on
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zone économique européenne a
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. \ !
/
/
»é \ |
A le— A —| A | —| A |— | A

T

European Econo

até signé en

I 1
Bt~ B|—|8
I |

—s| A

Area was signed in

Diagram derived from Fig. 3 of Bahdanau, et al. 2014
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Attention for speech recognition

-

¢k <ens> output text

network B

4 network A
: — . input audio
Figure derived from Chan, et al 2015
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Simple reasoning and baby stories

Principle Memory Networks [Weston
and al., 2015]

@ Include a long-term memory that
can be read and written to with
the goal of using it for prediction:
kind of knowledge base

@ More straightforward use of the
memory than in RNNs

@ Ability to deal with complex
question answering

}|:|a

Predicted
Answer

Embedding €

— [

Embedding &

E“

M. ndino

(a)

Figure 1: (a): A single layer version of our model. (b): A three layer version of our model. In
practice, we can constrain several of the embedding matrices to be the same (see Secﬁon@.

End to End Memory Networks [Sukhbaatar and al., 2015]

‘Where is the milk now? A: office
Where is Joe? A: bathroom

Joe went to the kitchen. Fred went to the kitchen. Joe picked up the milk.
Joe travelled to the office. Joe left the milk. Joe went to the bathroom.

‘Where was Joe before the office? A: kitchen
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Show attend and tell

Figure 1. Our model leans a words/image alignment. The visual-
ized attentional maps (3) are explained in section 3.1 & 5.

Couplage de deux espaces d’embeddings

@ Texte

St
@ Images L, Coneltonl > it erion i by

Image  Feature Extraction  over the image

16x14 Feature Map

generation

g Nos®) person(0.38)

standing(0.28)

0026),

surfboard(0.33)
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General reasoning

More complex reasonning tasks

@ Requires few steps of question answering like queries

Figure 1: A sample im-
age from the CLEVR dataset,
with a question: “There is a
purple cube behind a metal
object left to a large ball; what
material is it?”

[Hudson et al., 2018]
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Outline
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Conclusion

@ This does not happen twice in a researcher’s life !

@ Deep Learning is everywhere, many opportunities for designing new systems, solving new
tasks

@ Huge spread of Machine Learning and Deep Learning ideas: Neurosciences, Security, Health,
HEP...

@ On the contrary ow what many people say and think

o It is not so easy (except if you reuse the code (= the design and the learning) from
someone else)

o Many thinks to understand

o Many things to invent
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