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Articial Intelligence

Artificial Intelligence
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Machine Learning

Artificial Intelligence

Machine Learning
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Machine Learning

® Supervised learning
® Unsupervised learning

® Reinforcement learning
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Deep Learning

ImageNet Large Scale Visual Recognition Competition

® 1.2M training images / 1000 classes
® Based on WordNet hierarchy (ontology)

Classification error [%]
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Deep Learning

Big Data

Global Data Volume in Zettabytes (ZB)

Forecasted out through 2020 7.
Data volumes doubling every 2 years.
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Outline

® Part |

® Linear Regression

® | ogistic Regression

® Neural Network

® Convolutional Neural Network (CNN or ConvNet)
® Recurrent Neural Network (RNN)

® Part Il : Other aspects
® Evaluation
Regularization
Transfer learning
Gradient-Descent optimizations
Software and hardware infrastructure

® Conclusion
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Simple linear regression
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Simple linear regression
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Simple linear regression
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Simple linear regression
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Simple linear regression
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Simple linear regression
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Simple linear regression
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Simple linear regression
Mathematical notation
® m : number of training examples
® x : input variables / features (e.g. ex. surface habitable)
® y : output variable or target or label / (e.g. price)

y(x) or h(x) : Hypothesis function (or Model)

9x) = h(x) = o + wax 1)
YO = () + € = wo + wix + ¢ @

® wy, wy Parameters of Hypothesis function

Cost function (Mean Squared Error)

m 2

S, w) = 53" (9647 ) ()

i=1
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Cost function minimization
¢ Cost function (Mean Squared Error)

3 (o + wax® — y )’ *)

i=1

J(wo, w1) =

e QOptimization

8J(wo,w1) _

{ M) = T (- ) —y0)
owy % Z";

® Methods

® Analytic approach
® Gradient Descent Algorithm
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Gradient Descent Algorithm

Cost 4
J(w)
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Gradient Descent Algorithm

Cost 4
J(w)
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Gradient Descent Algorithm

Cost 4
J(w)
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Gradient Descent Algorithm

Mathematical notation

{Wo = wp — o Pom1)

0
Wi = wy — 8J(Wvg?wl) (6)
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Linear Regression and Machine Learning

W, + W, X
Training Feature x_—_ y
Data extraction Model
Y Wo, W,
Optimization
J(Wo,W,)
» Evaluation [
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Linear Regression and Neural Network

Model y =W, + W, X
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Questions

Evaluation ?

Multiple features?

Linear?

Classification ?
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Linear Regression with Multiple Variables

location
#bedroom
single level

e

garden
insulation

year
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Linear Regression with Multiple Variables

® n : number of features
® m : number of training examples

e i training example :

T i i i
x() =<1 xf) x2() X,(,)) (7)

® Training examples

— (x0T Y
x— |6 = y_ [ (8)
~(xm)T - y(m)
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Linear Regression with Multiple Variables

® Model
V(x) = wo + wixs + waxa + ... + Wpx, 9)

Y(X) = XW (10)

e Cost function

(W, Wi ey W) = > (9647 - y(i)>2 (11)
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Linear Regression with Multiple Variables

e Gradient J(wp, wi, ..., wp)

m

3J(chmw/;17 Wa) _ :"Z; (y(x(")) _ y(i)) NG (12)
Vi = %(?(X) -Y)X (13)

® Gradient Descent Algorithm
W =W-aVJ (14)
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Linear Regression with Multiple Variables and Neural
network

Model V=W, + W, X+ ..+ W, X,
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Regression versus Classification
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Regression versus Classification
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Logistic Regression

® | inear Regression

Y (X) = XW (15)
® | ogistic Regression
Z =XW
¥ - ¢(2) (16)
g(z) = 14e—2
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Logistic Regression

Sigmoid o
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Logistic Regression

® Cost function

1 & ,
_t Do (0
J(wo, wi, ..., wp) m;[ yWlog(y(x1"))
— (1 - yD)log(1 - p(x)]
e Gradient J(wp, wi, ..., Wp)
V)= l(V( ) —Y)'X
d
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Logistic Regression and Machine Learning

Sig(XW)
Training Feawre | X[ Y
Data extraction
Y w
Optimization
J(W)
» Evaluation [«
0 0.21
1 0.77

1 0.65
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Logistic Regression and Neural network

Model | Z =W, + W, X+ ...+ W X,
y =1/(1+exp(-z))
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Linear versus non-linear

Linear

Regression

Classification
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Linear versus non-linear

Linear Non-linear
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Linear versus non-linear
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Neural Network

<

Layer 1 Layer 2 Layer 3
ai(1) ai(z) a.®
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Neural Network
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Neural Network

® Forward Propagation

z{ ) = Wl(g) W{l)xl + W1(2)X2 + W1(3)X3
22 = Wz(g)XO + W2(1)X1 + W2(2)X2 + W2(3)X3 (17)
zg ) — W(2)Xo + W?El)Xl + W:g)XQ + W3(3)X3
3 =(5”)
%) = g(z”) (18)
Y = (")
z§3) _ Wl(g))al()2) 4 Wl(?))a?) W(3)) (2) ( ) (2) (19)
§(x0,x1, %, %5) = a”) = g(2”) (20)
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Neural Network

® Forward Propagation (Vectors)
X =AM (21)

{ z(2) — W@ AW

AC) — g(z?) (22)

Z(3) — wB AR ’3
{V(X) — g(z®) (23)
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Neural Network and Machine Learning

E

Training Feature X= Y
Data extraction Model
Y WOLW@,
Optimization

JWmwe, | )

Y

Evaluation [«
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Neural Network

® Activation functions : g()
® Gradient
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Neural Network : Activation functions

it /

tanh

ReLU leaky ReLU
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Neural Network : Gradient evaluation

® Analytical way
® Numerical way

® Gradient backward Propagation
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Neural Network : Backward Propagation

f() = (ax1 + bX2)2 —cC (24-)
f.)=g%>—c
25
{g(...):axl—i—ng (25)
0
% = g—ga—f = 2(ax1 + bxo)xy (26)
% = %% = 2(3X1 + bX2)X2
x1=2,x0=-1,a=2,b=1,c=2
of
=12
7 (27)
{%_—6
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Neural Network : Backward Propagation

X @ b ) € )

A

g=ax, + bx,

f=g2 -C +—
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Neural Network : Backward Propagation

% @ b ) (c )
g f
g=ax, + bx, » f=02-c [——
X, —7 3 A
0a |
| 10C
ob a
OX, dg/da=x,
dg/db=x, | 99 | of/dc=-1
«—Of
5x, | 0g/ox,=a of/ag=2g
9g/ox,=b
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Neural Network : Backward Propagation

& (a=2,b=1) (c=2)

2 — f=7
g=ax, + bx, 9=3 » f=0?-c [——

X2/

-1
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Neural Network : Backward Propagation

’;1 (a=2,b=1) (c=2)
g=ax, + bx, g=3 » f=g2-c —f=—>
X, —7 3 A
-1 10a=6"2=12 |
| 10c=-1
:5b=6*(-1)=-6 |
=12 | aglda=x,
= 0g=6 —
dg/db=x, 9 of/dc=-1 51
5%,=6 *| 0g/ox,=a of/ag=2g
9g/ox,=b
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Neural Network : Backward Propagation

Y
X A® Ad=Y L
— L,(X,W@) —{L,(A®,W®) > J
4 /Y
dw®e dw®e E
Ad
oL,/ owe | dA®|g /9We | dE -
oL, /ox | |oL./oA® [ aJ /oY
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Neural Network : Backward Propagation

Building block Y L

awe dwe E |
|
L,/ owe | dAb|aL /awe | dE X
] —L < oJ /oY
aL, / X VoL, / aAe [
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Neural Network (Example)

e MNIST : DATABASE of handwritten digits

® 28x28 pixels image
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Neural Network (Example)

Deep Learning: Technical Introduction
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Neural Network (Example)

® Data :

® Input : 28x28 gray pixels = vector<784> : 0..255
® Training set : 60000 images
® Test set : 10000 images

® Topology :
® Input : 28x28=784 nodes
® Output : 10 nodes (sofmax)
e

T e )
k=1

o(z);

® 2 hidden layers (16 nodes)
® Number of parameters : 13002
® Loss function : cross-entropy
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Neural Network (Example)
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Neural Network (Example) using Keras

In [14]: simple model = models.Sequential()

simple model.add(layers.Dense(16, activation='relu', input shape=(28+28%1,)))
simple model.add(layers.Dense(16, activation='relu'))
simple model.add(layers.Dense(10, activation='softmax'})

In [15]: simple model.summary()

Layer (type) Output Shape Param #
dense_1 (Dense) (None, 16) 12560
dense_z (Dense) (None, 16) 272
dense_3 (Dense) (None, 10) 170

Total params: 13,002
Trainable params: 13,002
Non-trainable params: 0

In [16]: simple_model.compile(cptimizer='rmsprop',
loss='categorical_crossentropy',
metrics=[ 'accuracy’])
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Neural Network (Example) using Keras

In [17]:

out[17]:

In [20]:

out[20]:

Deep Learn

Epoch 1/10
60000/60000
Epoch 2/10
60000/60000
Epoch 3/10
60000/60000
Epoch 4/10
60000/60000
Epoch 5/10
60000/60000
Epoch 6/10
60000/60000
Epoch 7/10
60000/60000
Epoch 8/10
60000/60000
Epoch 8/10
60000/60000
Epoch 10/10
60000/60000

10000/10000

Technical Introduction

simple model.fit(train_images, train labels,

[

[

[

[

<keras.callbacks.History at 0x1293b3c88>

[

[0.16147010266780853,

epochs=10, batch size=64)

simple model.evaluate(test images, test labels)

1-0s

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

0.5220

0.2665

0.2302

0.2070

0.1895

0.1778

0.1692

0.1610

0.1544

0.1500

acc:

acc:

ace:

acc:

acc:

ace:

acc:

ace:

acc:

acc:

0.8526

0.9234

0.9339

0.9413

0.9458

0.9485

0.9509

0.9528

0.9553

0.9562

- ETA




Convolutional Neural Network

® Motivations :

® Reduce number of parameters
® Feature extractor

e ConvNet (CNN) :

® Convolution filter
® Pooling
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ConvNet : Convolution

X®W =323 X,W,;
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ConvNet : Convolution

X®W =323 X,W,;
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ConvNet : Convolution

X®W =323 X,W,;

10|24 1101

117sa®-101 =

9 23|34 -110 |1

5 [10]2]4]23[32[ 0

5 [11] 7 [86]21[#5]

5 |9 |23[a456|75] 2

8 1278174222 4 ®'1 011 =
56[23(13[34[46[23]75
45[44[78[ 9 [9 [56
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DW= |O

=y
n
w
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ConvNet : Convolution

X®W =323 X,W,;

46]23[75 EINIE
99|56 ® -1]0]1 =

o [11[12 EINE

o[ 8[10[2]4 [23[z2[0

12 [11] 7 [s6[21]a5] 1 25[16]64|68]58[97]
415 |9 |23[34]56]75] 2 101 24|92[75[11[35[ 12
3| 8 [12|78[17[42]22[ 4 ® 11011} ==[31[45]41|30[35]63
6 |56(23[13(34[46|23[75 1]0]1 60[48|49[38[ 7538
11|22[a5]44[78[ 0 | @ |56 17| 6 |42[37[ 7688
2379 [25]7 o |11 12

Deep Learning: Technical Introduction Renaud Florquin



ConvNet : Convolution

examples
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/
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ConvNet : Convolution

Image X) w/ Filter

[28,28,3] (5.5.3]
i w
5
28
35
28
3
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ConvNet : Convolution

Image X) w / Filter =z / Activation Map

[28,28,3] [5,5,3] [24,24,1]

/ 7/

Zf-::i:i:::r,, _,:’Cj 24

24
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ConvNet : Convolution

Image ) Filter = z = g(z+b)=a

[28,28,3] (5,5,3] [24,24,1]

AN AN 7
I>ReLU[|| |[+b]= |*

24
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ConvNet : Convolution

Image &) Filter =z = g(z +b)
[24,24,1]

[28,28,3] (6,5.3]

7
S|

28
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ConvNet : Convolution

Image ) 6Filters =z = g(z+b)=a

[28,28,3] [5,5,3] [24,24,6] [24,24,6]

W 277

28 i
6

8 Parameters: 6 x (5x5x3+1) = 456

Deep Learning: Technical Introduction Renaud Florquin



ConvNet : Pooling

Filter: 2x2
Stride: 2

25|16 |64 |68 (58 | O

24 (92 |75|11 (35| 0 92

31 (45|41 30|35/ 0 [>

60|48 (491 0 [ O |38

171 6 (42| 0 [ O |88

320 (24| 2 |19 34

Deep Learning: Technical Introduction Renaud Florquin



ConvNet : Pooling

Filter: 2x2
Stride: 2

25|16 |64 |68 [ 58 | O

24 (92|75 |11 (35| O 92 | 75

31 (45|41 30|35/ 0 [>

60|48 (491 0 [ O |38

171 6 (42| 0 [ O |88

320 (24| 2 |19 34
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ConvNet : Pooling

Filter: 2x2

Stride: 2
25 (16|64 |68 |58 | O
2419217511 |35 0 92 | 75 | 58
31(45(41|30|35]| 0 [> 60 | 49 | 38
60|48 49| 0 |0 |38 32|42 |88

171 6 (42| 0 [ O |88

32| 0 (24| 2 [19 | 34

Parameters: 0
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ConvNet : overview

[3,3,1] filter: 2x2 13,3,32] [3,3,32]

A

Input CONV1 Pool1 CONV2 Pool2 CONvV3 FC Output
[28,28,1] [26,26,32] [18,13,32] [11,11,64] [5,5,64] [3,3,64] [64] [10]
/&‘ filters /B4fiters  fiter:2x2 64 filters H

64x(10)+64=
650

o _ 64x(32x3x3)+64= )+64= 64
32x3x3+32= 18496 36928 ) 1

320 Total: 93322

@
@
©
n
®

Renaud Florquin
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ConvNet : Example

¢ CIFAR-10 : DATABASE of 60000 tiny images

® 32x32x3 colored images based on 10 classes (label)

airplane ﬁ..% V...=¥
automobile E.I.E‘h.ns

e Sl WES ¥ EE
cat EEaNEEEEsP
aeer [ NI O O 51 I R
o [AE<SEHABRE R
oo 0 I R O O N B
nose [ R S SN 9 I I A S
ship =T P
woe o A 0 B N N R R
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ConvNet : Example using Keras

In [21]: model = Sequential()

model.add(Conv2D(16, (3,3), activatio
model . add(Conv2D(32, (3,3), activatio

‘relu’, padding='same', input_shape=(32,32,3)))
relu’, padding='same'))

model.add (MaxPooling2D(pocl_size=(2,2)))

model.add(Conv2D(32, (3,3), activatio
model.add(Conv2D(64, (3,3), activatio

relu', padding='same'))
relu', padding='same'))

model . add (MaxPooling2D(pool_size=(2,2)))
model.add (Flatten())

model . add (Dense (256, activation='relu'))
model . add (Dense (NUM_CLASSES, activation='softmax'))

In [22]: model.summary()

Layer (type) Output Shape Param #
conv2d_7 (Conv2D) (None, 32, 32, 16) 448
conv2d 8 (ConvaD) (None, 32, 32, 32) 4640
max_pooling2d_3 (MaxPooling2 (None, 16, 16, 32) ]
conv2d_9 (Conv2D) (None, 16, 16, 32) 9248
conv2d_10 (Conv2D) (None, 16, 16, 64) 18496
max_pooling2d_4 (MaxPooling2 (None, B, B, 64) [}
flatten 2 (Flatten) (None, 4096) [}
dense_3 (Dense) (None, 256) 1048832
dense_4 (Dense) (None, 10) 2570

Total params: 1,084,234
Trainable params: 1,084,234
Non-trainable params: 0
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ConvNet : Example using Keras

In [13): model.fit(x_train2, y_train2, epochs=10, batch size=32)

Epoch 1/10
50000/50000 [ ] - 247s - loss: 1.3442 - acc: 0.5169
Epoch 2/10
50000/50000 [ ] - 267s - loss: 0.9575 - acc: 0.6631
Epoch 3/10
50000/50000 [ ] - 2B4s - loss: 0.8379 - acc: 0.7080
Epoch 4/10
50000/50000 [ ] - 267s - loss: 0.7680 - acc: 0.7327
Epoch 5/10
50000/50000 [ ] - 264s - loss: 0.7137 - acc: 0.7528
Epoch 6/10
50000/50000 [ ] - 251s - loss: 0.6702 - acc: 0.7662
Epoch 7/10
50000/50000 [ ] - 238s - loss: 0.6401 - acc: 0.7770
Epoch 8/10
50000/50000 [ ] - 244s - loss: 0.6105 - acc: 0.7874
Epoch 9/10
50000/50000 [ ] - 246s - loss: 0.5906 - acc: 0.7946
Epoch 10/10
50000/50000 [ ] - 2508 - loss: 0.5722 - acc: 0.8004
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ConvNet : Example

automobile

Tes

Deep Learning

Confusion matrix

airplane

bird
cat

deer

. o 3 .
& 6@*@‘5 & P &
#

O

&

t accuracy: 0.7862
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ConvNet : LeNet5 (1998)

32x32 B&W images (MNIST : handwritten digits)
7 layers
+/- 60K parameters

Key contributions : Convolution, Average-sampling

C€3: f. maps 16@10x10
INPUT C1: feature maps S4:1. maps 16@545

32x32 5@26:28 82 f. maps

g =

CS: layer .
G5 ey %% layer %JTPUT

Convoluti i Convoluti St Full connection

[From : Gradient-Based Learning Applied to Document Recognition; Y. LeCun, L. Bottou, Y. Bengio,
P. Haffner]
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ConvNet : AlexNet (2012)

227x227x3 images (ImageNet / 1000 classes)
+/- 60M parameters (8 layers)
Train on 2 GPUs for 6 days

Key contributions : GPU, RelLU activation, Dropout, Image
augmentation

2048 2048

Max 128 Max pooling
pooling pooling

[From : ImageNet Classification with Deep Convolutional Neural Networks ; Alex Krizhevsky, llya
Sutskever, Geoffrey E. Hinton]
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ConvNet : VGG-16 (2014)

® +/- 138M parameters (19 layers)
® Train on 4 GPUs for 2-3 weeks

e Key contributions : Uniformity

© © ©
s 1=l (88| [gll8l 8] 1|2 el |9 |||
© © -~ ~ N N o w w0 w wn wn e}
L O e U S T 0 O S S I vt I R B S PR YR S
> > > > > > > > > > > > >
:_,:_%_,c_,c_%_,c [N %_,c_,:_,c_%_,:_,c_,c %_,3_,3 S
[} <} S o o S o o o S o o o S o o o =)
o o = o o ES o o o ES o o o = o o o = »t_) “(3 e
o ¢} o ] ] [} ) @ ¢} ] [} ] 0
X X X X x X X X X x X X X
el ™ ™ el o™ ™ o™ el el o™ ™ o™ el
_— - (D G A |
N 2 ™ % *
a 3 2 S I N
bt 3 & & 3 3
[From : Very Deep Convolutional Networks for Large-scale Image Recognition ; K. Simonyan, A.

Zisserman]
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ConvNet : Inception Network / GoolLeNet (2014)

® +/- 25M parameters (22 layers)
® Train on 8 GPUs for 2 weeks
e Key contributions : Network in Network

/

(S)IT+TIXT
Au0D

S)T+IXT
AUO)

(S)T+TXT [§
AuQ)

(SIT+5XS
AuO)

(SIT+EXE
AUOD

(S)z+€xE
[00dxen
jeauodydag

(S)T+EXE
|oodxew
(S)IT+TXT
AUOD

Inception module

[From : Going Deeper with Convolutions; C. Szegedy]
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ConvNet : ResNet (2015)

® +/- 60M parameters (152 layers)
® Train on 8 GPUs for 2-3 weeks
e Key contributions : Deep learning, Shortcut connections

Plain

s

34-1ayer residual

[From : Deep Residual Learning for Image Recognition; K. He, X. Zhang, S. Ren, J. Sun]
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RNN - Recurrent Neural Network
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RNN - Recurrent Neural Network

—» cat

"Voulez-vous chanter avec moi?" ————»  "Do you want to sing with me?"

“There is nothing to like in - *****
this movie”

— bt ——» "The quick brown fox jumped... "
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RNN - Recurrent Neural Network

?d >

A

a<1 >

a<0> > W >

X<1>

There

"There is nothing to like in this movie"
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RNN - Recurrent Neural Network

?d > ?<2>
A A
a<1 > a<2>
a>— W - W —
A
X<1> X<2>
A A
There is

"There is nothing to like in this movie"
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RNN - Recurrent Neural Network

?d > ?<2> ?<3>
A A A
a<1 > a<2> a<3>
a>—s W oW o W —
A
X<1> X<2> X<3>
A A A
There is nothing

"There is nothing to like in this movie"
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RNN - Recurrent Neural Network

?d > ?<2>
A A
a<1 > a<2>
a>— W - W —
A
X<1> X<2>
A A
There is

?<n>
A
a<n4 >
. W
X<n>
A
END

"There is nothing to like in this movie"
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RNN - Recurrent Neural Network

X<1 X<2
?<1> ?é>
X<b
X—> ConvNet > >
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RNN - Recurrent Neural Network

® Vanishing gradient

® LSTM (Long Short Term Memory)
® GRU (Gated Recurent Unit)

LSTM GRU

Ct-1 e

Pt
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Outline

® Part |

® Linear Regression

® | ogistic Regression

® Neural Network

® Convolutional Neural Network (CNN or ConvNet)
® Recurrent Neural Network (RNN)

® Part Il : Other aspects
® Evaluation
Regularization
Transfer learning
Gradient-Descent optimizations
Software and hardware infrastructure

® Conclusion
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Evaluation
Training Error

A ~
Error Y =W
y

Training error

>
Model complexity

Renaud Florquin
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Evaluation
Training Error

A -
Error y = .
y

Training error

>
Model complexity

Renaud Florquin
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Evaluation

Training Error

A o=
Error Y = Wo+W, X+W, X2
o y
¢
L)
o X

Training error

>
Model complexity
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Evaluation

Training Error

A o=
Error ¥ = Wo+W, X+...

o y

. C/a/g/%f\n

¢ X

e}
Training error y
¢ e}

>
Model complexity

Renaud Florquin
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Evaluation

Forming a Test set

yA
e o
e © 9 o
e o
o % %
°oo
°© o
o ©
°
o o ©
>
X
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Evaluation

Forming a Test set

y 4

Training set
Test set
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Evaluation
Training error versus Test error

A . _
Error Y =W,
y

Training error
Test error

>
Model complexity

Renaud Florquin
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Evaluation
Training error versus Test error

A n
Error Y = Wet WX
y

Training error
Test error

>
Model complexity

Renaud Florquin
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Evaluation

Training error versus Test error

A
Error

O = 2
¥ = WoHW, X+W X

e

X

Training error
Test error

>
Model complexity
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Evaluation
Training error versus Test error

A o=
Error ¥ = WorW, X+...
o y
e}
: C/a/g/%f\n
. »
8 $ X
¢} [} -
. ] .
Training error °
Test error i ®

>
Model complexity

Renaud Florquin
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Evaluation

Training error versus Test error

& &
o
D

o ° O

Training error °
Test error i ®

>
Model complexity
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Evaluation

Learning Curves

A
Error

e Test error

Deep Learning: Technical Introduction

O
[
[ ° ‘
e}
L) ¢ N
°® aa bias
° Training error g

m (training set size)
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Evaluation

Learning Curves

A
Error| ®
e Test error
O
[
¢ O [
overfit
e} L)
[
° [
. . .
° Training error
>
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m (training set size)
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Regularization

® Parameter Norm Penalties
® Dataset Augmentation

® Dropout
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Regularization : Parameter Norm Penalties

Paly(2)

Paly(10}

Paly(20}
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Regularization : Parameter Norm Penalties

Py(x) = 0.86x° + 3.4x + 3

P1o(x) = 0.024x% — 0.65x° + 7.3x% — 46x” + 174x° — 412x°
+598x* — 502x3 4-209x% — 24x' + 3.8

Pao(x) = —0.002x%° + 0.14x' — 3.5x18 4 53.7x17
—567x'0 + 4386x'° — 25682x* + 116260x*3
—411550x2 + 1145000x! — 2503000x'° + 4277200x°
—5655400x% + 5693000x" — 4260400x° + 2290200x°
—840530x* + 194470x3 — 24642x° + 1244.8x' + 3.6973
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Regularization : Parameter Norm Penalties

1 N/, M2 A
JW) = 5= 37 (9D =y )+ 2w (29)
i=1

Ridge = W[, (30)

Lasso = ||W 31
1
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Regularization : Dropout
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Regularization : Dropout
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Regularization : Dropout
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Regularization : Dropout
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Regularization : Dataset Augmentation

Label : Cat
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Regularization : Dataset Augmentation

Label : Cat
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Regularization : Dataset Augmentation

Label : Cat

Deep Learning: Technical Introduction Renaud Florquin



Regularization : Dataset Augmentation

Label : Cat
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Regularization : Dataset Augmentation

But ...

— I — I —
e 0




Gradient-Descent Optimizations

® No convex (local minima)

® |oss and Gradient

N
1 e (i i
JW) = > iE0.y0) (32)
i=1
1 j y(l)7y(l)
i=1

® Gradient approximation

® N=m = Full gradient
® N=1 = Stochastic Gradient Descent (SGD)
® m>N>1 = mini-batch
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Gradient-Descent Optimizations
® Decrease Learning Rate («) during training
W:=W-aVlJ (34)

® Gradient Descent Optimization Algorithms : Momentum,
Adagrad, RMSProp, Adam, ...

[see http ://ruder.io/optimizing-gradient-descent /]
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Transfer Learning

IMAGENET
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Transfer Learning

IMAGENET

fe1

fc2!
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Software and Hardware Infrastructure

e Solutions :

® |ocal solutions with or without GPU
® Cloud solutions : Google, Amazon, Azure, ... Paperspace,
Crestle
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Software and Hardware Infrastructure

Software libraries

™
e TensorFlow

Keras m

theano

Theano
Caffe Caffe

Torch «©
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TensorFlow

Pre-made Estimators

. Keras

TensorFlow Distributed Execution Engine

£D €3 £ 223 RIS

[From : https ://developers.googleblog.com /2017 /09 /introducing-tensorflow-datasets.html]
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TensorFlow

In

In

In

In

In

[2]:

[31:

[4]:

[5]:

[6]:

# Parameters
learning_rate = 0.01
training_epochs = 1000
display_ step = 50

# Training Data

train X = numpy.asarray([3.3,4.4,5.5,6.71,6.93,4.168,9.779,6.182,7.59,2.167,
7.042,10.791,5.313,7.997,5.654,9.27,3.1])

train ¥ = numpy.asarray([1.7,2.76,2.09,3.19,1.694,1.573,3.366,2.596,2.53,1.221,
2.827,3.465,1.65,2.904,2.42,2.94,1.3])

n_samples = train X.shape[0]

# tf Graph Input
X = tf.placeholder("float")
Y = tf.placeholder("float")

# Set model weights

W = tf.Variable(rng.randn(), name="weight")
b = tf.variable(rng.randn(), name="bias")
# Construct a linear model

pred = tf.add(tf.multiply(X, W), b)

# Mean squared error

cost = tf.reduce_sum(tf.pow(pred-¥, 2))/(2*n_samples

# Gradient descent

optimizer = tf.train.GradientDs tOptimizer(learning_rate).minimize(cost)

# Initialize the variables (i.e. assign their default value)
Technical Introduction




TensorFlow

In [10]: # Start training
with tf.Session() as sess:
sess.run(init)

# Fit all training data
for epoch in range(training epochs):
for (x, y) im zip(train_X, train_ ¥):
sess.run(optimizer, feed dict={X: x, Y: y})

training cost = sess.run(cost, feed dict={X: train X, ¥: train Y})

#Graphic display

plt.plot(train_X, train ¥, 'ro', label='Original data')

plt.plot(train X, sess.run(W) * train X + sess.run(b), label='Fitted line')
plt.legend()

plt.show()

o Original data
351 — Fitted line .
30
25
20
15
10 T T T T
2 4 6 8 10
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TensorFlow

Features

def input_fn():

tf.feature_column

tf.estimator.DNNClassifier

classifier = DNNClassifier(

feature_columns=feature_columns,|

hidden_units=[16, 16],
n_classes=3,
model_dir=PATH)

retur{-n feature_columns =
"Sepallength": [ ... ], numeric_column(“SepallLength"),
"SepalWidth": [ ... ], numeric_column("SepalWidth"),
"PetallLength": [ ... ], numeric_column(“PetallLength"),
"PetalWidth™: [ ... numeric_column("PetalWidth")
1, b
[...1
>,
=0
How to bridge
batch_size Labels J

Match feature names

input to model
(feature column)

from input_fn

[From : https ://developers.googleblog.com/2017/11 /introducing-tensorflow-feature-columns.html]
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TensorFlow

TensorBoard SCALARS

GRAPHS. DISTRIBUTIONS.

HISTOGRAMS

PROJECTOR  INACTIVE

] show data download links
Ignore outliers in chart scaling

Tooltip sorting method: default  ~

Smoothing

— o 06

Horizontal Axis

STEP RELATIVE WALL

Runs

Write a regex to filter runs

Q-

O linear_1505895445

O linear_1505895445/eval

O deep01.1505895480

O deep01_1505895480/eval

O linear_1505895781

O linear_1505895781/eval
deep01.1505896039

© deep01_1505896039/eval

Technical Introduction

Tags matching /.*/ (all tags)

accuracy

0980
0970

0000 4000k 8000k 1200k

dnn/dnn/hiddenlayer_2/fraction_of_zero_values

000k 1400¢ TBO0K

average_loss

dnn/dnn/hiddenlayer_1/fraction_of_zero_values

0850

0820

COk 8000k 12005 1600k

dnn/dnn/hiddenlayer_3/fraction_of_zero_values

[From : https ://towardsdatascience.com /visualizing-your-model-using-tensorboard-796ebb73e98d]
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Outline

® Part |

® Linear Regression

® | ogistic Regression

® Neural Network

® Convolutional Neural Network (CNN or ConvNet)
® Recurrent Neural Network (RNN)

® Part Il : Other aspects
® Evaluation
Regularization
Transfer learning
Gradient-Descent optimizations
Software and hardware infrastructure

® Conclusion
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Image classification

Epidermal Lesions  Melanocytic Lesions  Melanocytic Lesions
(Dermoscopy)

Malignant

Test set: Dermatologist Comparison (376 images)

Carcinoma: 135 images Melanoma: 130 images Melanoma: 111 dermoscopy images

1 1 1
Z Lo E Z
] ¥ S 5
= I £ -
S ] S
2 2 2
a a 2
@ 7 @
[— Aigrtten: AUC =096
®  Dermailoges (25) |
& Average Dermalclogit | & Aversge Demalolgt
o o o
o - 1 o o 1 "
Sensitivity Sensitivity Sensitivity

[From : Dermatologist-level classification of skin cancer with deep neural networks; A. Esteva et Al]

Renaud Florquin
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Image detection and localisation

QOutput

[From :
https ://www.pyimagesearch.com/2017/09/11/object-detection-with-deep-learning-and-opencv/]
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Image Semantic Segmentation

[From : SegNet : A Deep Convolutional Encoder-Decoder Architecture for Image Segmentation ; Vijay
Badrinarayanan, Alex Kendall, Roberto Cipolla]
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Generating Image Descriptions

“girl in pink dress is jumping in "black and white dog jumps over
air' bar."
[From : Deep Visual-Semantic Alignments for Generating Image Descriptions; Andrej Karpathy, Li
Fei-Fei]
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Generating Image Descriptions

"a young boy is holding a 'a cat is sitting on a couch with a
baseball bat.' remote control.'

[From : Deep Visual-Semantic Alignments for Generating Image Descriptions; Andrej Karpathy, Li
Fei-Fei]
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Style transfer

[From : A Neural Algorithm of Artistic Style; Leon A. Gatys, Alexander S. Ecker, Matthias Bethge]
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Adversarial Examples

=+ .007 x

z sign(V,J(0,,7)) emg’n(Vm 9 m,yn
“panda’ “nematode” ‘gibbo
57.7% confidence 8.2% confidence 99.3 % conﬁdence

[From : Explaining and Harnessing Adversarial Examples; |. Goodfellow, J. Shlens, C. Szegedy]

Ll
it
2
°
3
E

[From : https ://www.labsix.org/physical-objects-that-fool-neural-nets/]
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Auto-encoder

Encoder Decoder
O O
O O
O O Code O O
O O O O

!
i

OO
OO0O0O0

|
|
Y

> <

Lost function




Generative Adversarial Network : GAN

al

XA
1

Dp ¢=-eLp,

X

(S
———

[From : Learning to Discover Cross-Domain Relations with Generative Adversarial Networks; Taeksoo
Kim, Moonsu Cha, Hyunsoo Kim, Jung Kwon Lee, Jiwon Kim]
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Generative Adversarial Network : GAN

LG E DT MEEIEEEE
HYEREE BEEEERE

LOFEAe AafaAn
‘oREEGs AaManE

JAd& aiﬁﬂ.ﬂﬁl

@inaﬂﬁgﬂﬂlﬂ E
cRoGFe daFARA

[From : Learning to Discover Cross-Domain Relations with Generative Adversarial Networks; Taeksoo
Kim, Moonsu Cha, Hyunsoo Kim, Jung Kwon Lee, Jiwon Kim]

[:.'

Technical Introduction Renaud Florquin



Deep Reinforcement learning

i SO - - a O 9, 9, 0,
. ]
P Be i
! ! o
pH Bfr 1} i@
y ! N
Pooni-e: o .".*
h i - . 4
o B = : o
g ooy . s
o] BeE . i
: @ N 9 o
= A :

W

[From : Human-level control through deep reinforcement learning; Volodymyr Mnih, ...]
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Deep Learning

Traditional model

Hand-crafted

Trainable

—> Feature > e —cat
Classifier
Extractor
Feature learning / Deep learning
Trainable Trainabl
—> Feature > ainavle —cat
Classifier
Extractor
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Conclusion

‘Al IS THE NEW ELECTRICITY'

“Just as electricity transformed
almost everything 100 years ago,
today | actually have a hard time

thinking of an industry that | don't
think Al will transform in the next
several years.”

Andrew Ng

Former chief scientist at Baidu, Co-founder at Coursera
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