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Summary

What is Deep Learning?

Neural Networks

Loss and optimization functions
ConvNets

Train
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Deep Learning

* Allows models to learn
representations of data with
multiple levels of abstraction

e Discovers intricate structure In
large data sets (Patterns)

» Dramatically improved the
state-of-the-art in speech
recognition, visual object
recognition, object detection, ..

Deep learning. In: Nature 521.7553 (May 2015). Yann LeCun et al.



Deep Learning

* Reinforcement Learning
* Training data is unlabeled

» System receives feedback for its actions

« Goal Is to perform better actions
« Unsupervised Learning

* Training data is unlabeled

® Goal is to categorize the observations



Deep Learning

miie

container shi motor scooter
mite container ship motor scooter leapard
black widow lifeboat go-kart jaguar
cockroach amphibian moped cheetah
tick fireboat bumper car snow leopard
starfish drilling platform golfcart Egyptian cat

ImageNet classification. (Source: Alex Krizhevsky et al.)

Object detection and classification. (Source:
Shaoqing Ren et al.)



Deep Learning

"baseball player is throwing ball ‘woman is holding bunch of "black cat is sitting on top of
in game.’ bananas. suitcase.”



Neural Networks Q .
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* Set of neurons XA
" \ IJ < ‘ _— 291l

 Fach neuron contains an activation
function

* Different topologies

* The connections are the inputs
and outputs of the functions

* Each connection has a weight and
bias




Neural Networks

Temp.
Value
#1

Bedrooms | 3

Output

N

/ Final \
Price |
\ Estimate /

r

Sq. Feet | 2000

Neighborhood
(mapped to 1
an id number)

Simple example. (Source: Adam Geitgey)



Neural Networks
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Neural Networks

Untrained
Neural Network
Model

TRAINING

Learning a new capability
from existing data

A\

Deep Learning TRAINING
Framework DATASET

Trained Model
New Capability

INFERENCE

Applying this capability
to new data

App or Service
Featuring Capability

Trained Model
Optimized for
Performance

Source: Nvidia Research




Neurons

* Inputs:
 Outputs from other neurons
* Input data

* Each input has a different weight
* One output
* Different activation functions



Neurons

* Inputs:

« Outputs from other neurons N b
* Input data AN

-

 Each input has a different weight uzz
e output
 Different activation functions (Tn) Wn

An example of a neuron showing the input ( X4 =X ), their corresponding

weights ( W, =W ), a bias ( b ) and the activation function f applied to the
weighted sum of the inputs.

s

f“f (b + Zn: :L‘Z-wz-)
i=1



Activation functions

 Linear functions
« |dentity

« Non-linear functions




Rell Activation Function

10
| | | | |
Activation functions .
' ' A B 1
* Linear functions E
n n 4-
* Non-linear functions
2_
max(0,x)
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X Axis
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Source: Learn OpenCV



Activation functions

Softmax

—> Ply=0[x

—>Ply=1]x

—> Ply=2x

Softmax

Source: Stanford Deep Learning



Activation functions

Linear

3 hidden neurons

Non - Linear

6 hidden neurons 20 hidden neurons
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Loss function

input layer

hidden layer 1 hidden layer 2

Source: Stanford ¢s231n



Loss function

wrong
prediction!!

input layer

hidden layer 1 hidden layer 2

Source: Stanford ¢s231n



Loss function

output layer Wrong

prediction!!

input layer
hidden layer 1 hidden layer 2

loss_function(target, output) — loss_function(8, 9)

Source: Stanford ¢s231n



. * Cross - entropy
Loss function e Mean squared error

* Binary Cross - entropy

output layer Wrong

prediction!!

input layer
hidden layer 1 hidden layer 2

loss_function(target, output) — loss_function(8, 9)

Source: Stanford ¢s231n



. * Cross - entropy
Loss function e Mean squared error

* Binary Cross - entropy

output layer Wrong

prediction!!

input layer
hidden layer 1 hidden layer 2

loss_function(target, output) — loss_function(8, 9)

[ | | | | | u I
Minimize it! Source: Stanford cs231n



Optimization functions

* Adagrad
 Adadelta
e Gradient descent

‘!{HD‘HI} o

Source: Vasilis Vryniotis



Inputs

e Input layer 2D

0 0

00

0

o 0
o o
o 0
[
o o0

o
0
o
]
o

0 0
o o
[ ]
[
o o0

]
0
0
0
0

o
o
o

0
0
0

0 0 00 0 0 0 O

0
0

0
0 0o 0 0 0 0 0 0 0 0 O

0 0 0 0 O0C OO O

[
[

]

0

¢ 0 0 0 0 0 D0 O

0 0 0

0

0

1]

0

00 0 0D OCOCTO0ODTO0
0 0 0 0 0 0

0

0
0 0 0 0 0 0 0 34 186253217208 136136 136166232 99 0

0 0
[
o 0
0 0
0 0
o 0
[
0 0
0 0
o0
0 0
0 0

0
0
0
0
]
0
0
0
0
0
0
0

]

0

4 B2 146 182 254 254 181176138 15 0

00

0

18 32 107 43 0O

0
o

00
o 0

0
0
0
0

o
i}
o
o

0 0 0 0 61242208111 3
0 0 0 D 156242 23 O
@ 0 0 0 12125588 3
@ 0 0 0 0 169253120 3

0
0
0

0
00 0 0 0 0 0 3 M 24416919 0

0
0

13 191181 6

0
0

0 0 B 19422512 0

0 0 128247 51
14 131 249 117 0

0o
00
0

0
0
0
0
0
0
0
0

0 0 8625399 0

0 0

0

o

]

@ 0 0 0 0 0 0 5924123572 14222066 0 O

0
0 0 0 0 0 0 0 0 0 0 25218254231 36 0

00

00
0o
0

0
0

o0
o0

0
0

0 133253221 33 0
19 237 111196297 19 0 0

¢ 00 0 0 00O

0
0

0 0 00 0 0 0 0

0
0
0

G 0 0 0 0 0 0 0 174138 0 23 193204 18 O

0

0O 0 0 0O 0 0 965224 0 0 0 25218168 3

0

0 0 0 0 0
0 0 0 0
o 0 0

0
0

00 0 0 0 0 0 0O 0 215138 0

0
0
0

0

28x28
784 pixels

0
0

3 162214 1
0 1Ma253 68 0

0 0 0 0 0 029597 0 0 0 O

0 0 0 0 0 0 0 21597 0O

0
0 0 0 0 0 0 0 0 0 185157 0

0
0

0
0

[
o0

0
o

0 402488 0 0

0 12244 58 0O

0 0

0

0

0
1]
0

0o 0 0

0 0 0 0 0 0 0 50244 B

0

0
0

o
0
0

174 251 142 59 83 167 244 111

o o0 0 0

@ 0 0 0 0 0 0 0

0 0
0 0

3

6 133 253 253 253 169 &1

0
0 00 0 O0O0CO0CO0OO0OOCTO0 O

o0 0 0 0

o0
o0

00 0
o
0

0

0

00 00
o

0
0

00 0O 0O O OCOTOD

0
0

0 0

]

0

0 0

0

@ 0 0 0 0 0 0 0



Inputs

e Input layer 1D

28 x 28
784 pixels
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Inputs

e Input layer 3D

Blue chanme!

Green chonne! 171 00

19 26
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Image orray: (64 x 64 x 3]



Layers

* Fully connected | Dense




Layers

 Flatten
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Layers

e Convolution (3D)

Input Convolutional
Layer Layer




- [}¥

Layers

e Convolution (3D)

1(1({1/0|0
0/11(1|1(0 4314
0, Q. 1, /EsEe 214(3
o 0lif1]0] [2
0/1]1[0]0
W Convolved
Feature

ature Map

Source: S. Lazebnik



Operation | Kernel

threshold as O
(with mo immage mask)

16 24 16
4 L 4

0o 0 0
Identity 0 1 0
ayers
1 0D -1
0
—1 0 1
. 0 1 0
Y F lt Edge detection . —d: I
ILters o 1 0
=% == =13
—1 8 -1
=4 =t =1
[ 0 -1 07
Sharpen -1 5 —1
. 0 -1 0 |
1 ., 1
Box blur l 1 1
(normalized) 0
1 1 1
1 2 1
Gaussian blur 3 x 3 1
: : — |2 4 2
{approximation) 16
1 2 1
1 4 6 4 1
= : e 1 4 16 24 16 4
auss.an. ur s x X le of ag 21 &
(approximation) 256
4 16 24 16 4
1 4 6 4 1
Unsharp masking 5 x 5 1 4 G 4
Based on Gaussian blur = 4 16 24 16
with amount as 1 and 256 6 24 —476 24
4
1

Source: Wikipedia



Layers

 Downsampling | Max pooling

224x224x64 . _
e
12112064 | Single depth slice
ks 11124
. max pool with 2x2 filters
56| 7| 8 and stride 2 6| 8
.
! 3 | 2 it 3| 4
1 | 2 S
> e 112
Zr downsampling
112 >
224 y

Source: Stanford ¢s231n



convolution + max pooling
nonlinearity

convolution + pooling layers

vec

000000000 OC
c600000dd8004d

—

fully connected layers

Nx binary classification



Train

e Batching

* The network can not be trained with all data at once
* The data is divided in batches
« Update the loss and the accuracy for each step/batch

Mini-Batch Gradient Descent



Train
Also allows distributed training!

e Batching

* The network can not be trained with all data at once
* The data is divided in batches
« Update the loss and the accuracy for each step/batch

Training: NVIDIA® Tesla® K80 synthetic data (1,2,4, and 8 GPUs)
387
260

227
195

Images/sec

141 15

116
99

76
58 & - 20
30 36 38

InceptionV3 VGG16 ResNet-50 Resnet-152 Source: TensorFlow




Train

* Hyperparameters

Batch size
Epochs
Learning rate
Loss function
Regularization



Train

e Data
« Training set
* Validation set
« Jestset



Train

 Data
« Tralning set
« Validation set — For hyperparameter tuning
* Test set — Test model performance



Train

* Pipeline

Train Dataset

Batch >

Data

Preprocess>

P. Data

. OSss

Neural Network

Target i
Output >
Optimize

)




Train

* Pipeline
« After epoch

Val Dataset

Batch

> Target

Data

Preprocess>

P. Data

Neural Network

il

Output

Hyperparameter
tuning

| OssS

[
A
(=

AcCcC




Let's play

DATA

Which dataset do
you want to use?

Ratio of training to
test data: 50%
_.,,—

Noise: 0

Batch size: 10
— e

REGENERATE

INPUT + — 2 HIDDEN LAYERS QUTPUT
Which properties do Test loss 0.013
you want to feed in? ini
i ;. i g Training loss 0.013
5 neurons 5 neurons
‘DA~ O 7
S & R T — P £ CREE00
\_‘\ " "‘Q\\\ N"N g a® D,
# NN L
X ey e —pea N Y
\\ i ; ", \.__‘:\-..__

A

47
J \
. * The outputs are
* This is the output mixed with varying
from cne neuron. weighis. shown
Hover to see it by the thickness of Colors shows
lerger. the fines. data, neuron and - ]

weight values. 2t 0 1

[J Showtest data [] Discretize output

http://playground.tensorflow.or


http://playground.tensorflow.org

Network example

Convolution

Pooling Convalution Pooling Fully Fully Output Predictions
Connected Connected

s

=0

———_  dog(0.01)

cat (0.04)
boat (0.94)
% bird (0.02)

’f

Source: clarifai



Network example

model.add (Conv2D (20, (5, 5), input shape=(28, 28, 3),
activation="relu", padding="same"))

model.add (MaxPooling2D (pool size=(2, 2), strides=(2, 2)))
model.add (Conv2D (50, (5, 5), activation="relu", padding="same"))
model.add (MaxPooling2D (pool size=(2, 2), strides=(2, 2)))
model.add (Flatten())

model .add (Dense (500, activation="relu"))

model .add (Dense (10, activation="softmax"))



Inference example

Using docker, run:

docker pull jorditorresbcn/dl
docker run -it -p 8888:8888 jorditorresbcn/dl
wget https://raw.githubusercontent.com/jorditorresBCN/dlaimet/master/keras/Inference.ipynb

Jupyter notebook --allow-root --ip=0.0.0.0



Inference example

In [8]: wrl image = "https://media.brstatic.com/2817/03/17178632/2016-hyundai-sonata-mst.jpg"

In [9]: | img_path = '/tmp/image’
urllib. request.urlretrieve(url image, img path)
img = image.load img(img path, target size=(299, 299))
plt.imshow(img)
= image.img to array(img)
np.expand dims(x, axis=0)
preprocess input(x)

preds = model.predict(x)

# decode the results into a list of tuples (class, description, probability)
# (one such list for each sample in the batch)

print('Predicted:', decode predictions(preds, top=3)[@])

Predicted: [('n®42856808', 'sports car', ©.69676977), ('n04037443', 'racer', 0.08645054), ('n02974003', 'car wheel',K ©.046
464231) ]




Networks

 LeNet (1990) - Yann Lecun
o AlexNet (2012) - Alex Krizhevsky et al.

e GooglLeNet (2014) - Christian Szegedy et al.
* Inception V2 (2015)
* Inception V3 (2015)

« VGG (2014) - Karen Simonyan et al.

« ResNet (2015) - Kaiming He et al.
* Inception (v4)-ResNet (2016)

e MobileNet (2017) - Andrew G. Howard et al.




Other Networks

e Recurrent Neural Networks (RNN)

@ ® @
L,T 1 1 [
A = A — A — A > A
6 6 © © - o

Source: Christopher Olah



Other Networks

 Generative Adversarial Networks (GAN)

Back propagation: maximize error

TN

Generator

N

Back propagation: minimize error

Source: Nvidia research



Other Networks

 Generative Adversarial Networks (GAN)

Input Blond hair Gender Aged

Pale skin
g A | bt A | L]

= W

Input Angry Happy Fearful

- N W

Source: Yunjey Choi
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